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1. Introduction

Robot navigation, which simultaneously maps the surrounding environment and estimates the robot’s pose, plays
an essential role in autonomous driving and robotic systems. To ensure safe and reliable operation, a navigation
system should achieve both global and local consistency. Local consistency refers to the accuracy of relative pose
estimation between the robot and its surrounding environment, whereas global consistency refers to the accuracy
of pose estimation with respect to a global coordinate frame.

Over the past three decades, local simultaneous localization and mapping (SLAM) methods have been extensively
studied using vision"™ or LIDAR sensors“™®, which provide environmental observations. Local SLAM systems can
achieve highly precise pose estimation and environmental mapping within local regions. However, due to
accumulated estimation errors, local SLAM inherently suffers from global inconsistency over time. Although loop
closure modules have been proposed to address this issue, they require the robot to revisit previously explored
areas, which imposes operational constraints and demands continuous resources for loop detection.

To address the limitations of local SLAM and ensure both global and local consistency during long—term
operation, research has focused on sensor fusion frameworks that incorporate global observations. Unlike local
SLAM, global observations are free from drift. However, global observations obtained from low-cost sensors
commonly used in robotic navigation are often noisy and prone to unexpected outliers, making them unreliable for
direct use in navigation. Therefore, it is essential to exploit the complementary characteristics of precise but drift—
prone local observations and noisy but drift—free global observations, facilitating the development of sensor fusion
systems that ensure both local and global consistency.

Numerous studies have explored sensor fusion using various sensor modalities. Approaches for state estimation
can be categorized into filtering—based methods”™® and optimization—-based methods!'®™'¥. Recently, the latter
has been increasingly adopted due to its higher estimation accuracy enabled by iterative relinearization. These
methods typically optimize either individual local poses or local poses together with global states that represent the
transformation between the local and global world frames. As a result, a factor graph is typically constructed as
shown in Fig. 1, and state estimation is performed by optimizing it.

However, optimizing such factor graphs poses several challenges. First, these graphs have a structure in which
global observations directly affect individual local poses, which may degrade the well-maintained local consistency
due to the high noise or outliers present in global data. Second, they are also characterized by heterogeneous
factors from global and local observations constraining the same state simultaneously. In this case, the estimation
performance becomes highly sensitive to the accuracy of the assigned covariance models. Yet, in local SLAM,
computing reliable pose covariance in real time is often impractical due to computational constraints, so fixed
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covariance models are commonly used instead"®. The discrepancy between the actual and assigned covariances
can result in degraded sensor fusion performance.

We propose a novel glocal fusion approach to address these challenges. It is analyzed that drift in local SLAM
does not accumulate steadily but remains well constrained until certain regions where local maps become corrupted,
as shown in Fig. 2. To exploit this property, a new parameterization is introduced that groups locally consistent
segments into glocal groups, each associated with a glocal state for correcting global consistency. The factor
graph is then structured so that global factors influence only the glocal states, without directly affecting the locally
consistent local states within each group, as shown in Fig. 3. This design allows noisy global data to recover global
consistency without degrading local consistency, and mitigates the risks inherent in conventional factor graphs by
decoupling tightly connected factors.

A glocal navigation system is proposed to implement the proposed glocal fusion approach in a practical online
system. This system consists of two main modules. The first is the glocal observer, which evaluates the local
consistency of poses using global observations and groups locally consistent segments into glocal groups. The
second is the glocal optimizer, which corrects global consistency of the identified glocal groups and ensures smooth
transitions between them.

The contributions of this paper are summarized as follows:

* A novel glocal fusion approach is proposed to effectively exploit the complementary characteristics of local
and global data. The proposed approach enables both improved optimization efficiency, through reduced state
variables, and better preservation of global and local consistency compared to conventional fusion approaches.
This advantage is systematically discussed at the end of Section 4.3.

» The proposed glocal fusion approach is formally established, from the introduction of a novel parameterization
to its formulation based on maximum a posteriori (MAP) estimation, providing a general framework applicable to
various combinations of global and local sensor modalities.

» The glocal navigation system is developed based on the proposed glocal fusion approach. The system comprises
a glocal observer module, which segments locally consistent regions, and a glocal optimizer module, which jointly
optimizes glocal states and local states to maintain global consistency and smooth transitions between groups.

* Extensive experiments are conducted using various local SLAM algorithms and global observations. The re—
sults show that the proposed approach achieves superior preservation of both global and local consistency with
significantly fewer parameters compared to conventional fusion systems.

The remainder of this paper is structured as follows. Section 2 reviews existing sensor fusion approaches, and
Section 3 introduces the mathematical background. The proposed glocal fusion approach is presented in Sec—
tion 4, including the analysis of local SLAM characteristics (Section 4.1), the introduction of a new parameterization
(Section 4.2), and its formulation based on the MAP estimation (Section 4.3). The overview of the glocal navigation
system is provided in Section 5.1, followed by detailed descriptions of the glocal observer (Section 5.2) and glocal
optimizer modules (Section 5.3). Finally, experimental results and conclusions are presented in Sections 6 and 7,
respectively.

2. Related Work

This section reviews related works on sensor fusion with various global and local observations, as well as approaches
that manage factor graphs in a submap—-wise manner.

2.1. Sensor Fusion with Global and Local Data
In robotics, common sources of global information include global navigation satellite systems (GNSS), indoor po—
sitioning systems based on Wi—Fi or ultra—wideband (UWB), and localization with respect to a prior map.

In outdoor environments, GNSS is the most widely used source, providing global positions (and velocities) in
the Earth—Centered Earth—Fixed (ECEF) coordinate frame. Filtering—based methods ™ have fused GNSS with local
sensors such as vision, IMU, or LIiDAR in tightly or loosely coupled manners to estimate individual local poses. Factor
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graph optimization (FGO)-based approaches!'®'" have also been used in loosely coupled manners, integrating

GNSS position solutions with odometry estimates from local sensors. VINS-Fusion!'? in particular, presents a
general framework applicable to various sensor modalities including GNSS. Tightly coupled fusion of precise GNSS
RTK solutions with visual features and IMU data has been proposed!'?. In the other work!'® instead of using GNSS
solutions, raw observations including pseudorange and Doppler shift are directly integrated through FGO to estimate
both local poses and a global state, which represents the transformation between the local world frame of the visual
inertial odometry (VIO) and the ECEF frame.

(a) Local state w.r.t. global world frame

bedbdobnd

(b) Global state and local state w.r.t. local world frame
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Fig. 1. Factor graph representations of conventional fusion approaches.

Indoor positioning can be performed using signals from anchor stations, such as WiFi or UWB, providing po—
sitions relative to a predefined global frame. UWB-based positioning“‘” and WiFi-based positioning“‘” have both
been integrated with local estimation using FGO. Furthermore, tightly coupled fusion of visual-inertial and UWB
observations using FGO has been investigated(”*‘S) for joint estimation of poses and anchor station locations.

When a prior map is available, localization within the global frame defined by the map enables the estimation of
global poses. Various map representations have been used, such as dense 3D point clouds'9 22 surfel maps®,
and the map based on Gaussian mixture models??. Localization is typically performed by registering a local map,
built by a SLAM or odometry system, to the prior map. FGO-based approaches“g'g‘” fuse local odometry with
global localization to reduce pose drift, while the work@4 incorporate global registration residuals into local bundle
adjustment, improving both local map accuracy and pose estimates.

Conventional sensor fusion approaches commonly employ factor graphs where individual local poses are treated
as state variables, as illustrated in Fig. 1. However, this approach may suffer from the structural risks discussed in
Section 1. The proposed glocal fusion approach introduces a new parameterization that leverages the complemen-
tary characteristics of local and global sensors to overcome these limitations. To the best of our knowledge, this
is the first study that evaluates local SLAM consistency with global observations, groups locally consistent regions,
and performs efficient optimization based on such grouping within a sensor fusion framework.

2.2. Submap Partitioning

Partitioning a large factor graph into submaps and performing hierarchical optimization(%'%) is a widely adopted

strategy for scalability, especially in long—term navigation in large environments @34 Typically, this hierarchical
framework optimizes states within each submap at the lower level and aligns the submaps at the higher level to
maintain consistency while reducing computational complexity.

The method of partitioning submaps plays a critical role in submap—-based strategies. To maintain balanced
submap sizes and information content, works?®=3 partition submaps when the accumulated travel distance, number
of mapped points, or number of scans exceeds a predefined threshold. To ensure local consistency within submaps,
studies®'32) employ partitioning criteria based on pose covariance estimates or local factor residuals. To preserve
independence between submaps, works 3334 partition the graph at points where covisible data shared between
submaps is minimized. Graph-theoretic approaches, such as spectral graph partitioning and normalized cuts@:27)
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are also applied to identify boundaries that maximize intra—submap connectivity while minimizing inter—submap
connections.

While existing methods rely on predefined parameters or community detection within factor graphs, they typically
depend solely on local information, without incorporating global observations. Consequently, they may fail to
detect segments with degraded local consistency or generate excessive redundant submaps. In contrast, the
proposed glocal fusion approach leverages global observations via a dedicated glocal observer module, which
enables accurate segmentation of locally consistent regions and efficient group—wise optimization.

3. Preliminaries

The proposed glocal fusion system utilizes states defined on Riemannian manifolds, specifically the Special Or—
thogonal Group SO(3), the Special Euclidean Group SE(3), and the Similarity Transformation Group SIM(3). Prior to
presenting the proposed methodology, this section outlines key concepts of Lie groups and Lie algebras, based on
the paper®®,

3.1. Exponential and Logarithmic Maps

A Lie group G is a smooth manifold with a group structure. Its associated Lie algebra g, defined as the tangent
space at the identity element, provides a linearized representation of the local structure of G. The group and its
algebra are related via the exponential map exp: g — G and the logarithmic map log: G — g, both locally defined
around the identity. For the Lie groups considered in this work, g is isomorphic to a vector space R™. The mapping
between R™ and g is defined by ()" : R* — gand (-)¥ : g — R". For notational convenience, the mappings between
R™ and G are denoted as follows: Exp: R®" — G and Log: G — R".

3.2. Adjoint Map, Jacobian, and Uncertainty

Since the Lie groups considered in this paper are non—commutative, the adjoint map is employed to account for
the effect of group multiplication when representing Lie algebra elements in vector form. The adjoint map describes
how a perturbation in the Lie algebra is transformed under conjugation by the group element. The vector—space
adjoint map is defined as: Ad(G)v := (G\?G’l)v, where G € G and v € R™. Using the definition, the following identities
can be derived:

G- Exp (v) = Exp(Ad (G) V) - G, (1)
Exp (V) -G = G- Exp(Ad (G) " v).

Since Lie groups are nonlinear manifolds, linearization in the associated Lie algebras is essential for optimization
and uncertainty propagation. The composition of perturbations on Lie groups can be locally approximated by the
first-order Baker-Campbell-Hausdorff (BCH) formula®®:

Exp (31" (V2) Vi + V2), small vy

Exp(v1) Exp(vs) ~ (2)

Exp (Vi + ;1 (Vi) v2),small va -

Uncertainty on Lie groups can be approximated using a small perturbation defined in the tangent space at the
identity. Throughout this paper, we adopt the right perturbation convention: ¢* := G- Exp (§v), év ~ N (0,%). Here,
G* denotes the true state, and the uncertainty of the estimate G is represented by a right perturbation 6v.

3.3. Notations of Lie Groups

The group SO(3) represents 3D rotations, while SE(3) describes 3D rigid—body transformations. The group SIM(3)
further extends SE(3) by incorporating a scale factor, thereby representing similarity transformations. The notations
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for the groups and their corresponding vectors are defined as follows:

R € SO(3), w = Log(R) € R?, 3)

0

R

T= {R ﬂ €SE(3), ¢€&= [w] = Log(T) € R®,

S = {SR ﬂ € SIM(3), n= = Log(s) € R",

0

v E >

where s = e* € R, p € R®, v € R%. Here, )\, w, and v denote the scale, rotation, and translation components of
the vector representation, respectively. Detailed formulations of the exponential and logarithmic maps, adjoint map,
and Jacobians for each Lie group can be found in the paperm).

4. Glocal Fusion Approach

In this section, the characteristics of the local SLAM system are first analyzed, and based on this analysis, the
concepts of glocal groups and glocal states are defined to introduce a novel parameterization. Additionally, the
proposed glocal state estimation is derived from a MAP perspective.

4.1. Local Navigation Characteristics

This subsection analyzes a local SLAM system to identify key characteristics for the novel parameterization of the
glocal fusion approach.

A typical SLAM system comprises two main components: a frontend that constructs a factor graph by associating
current observations with the local map, and a backend that optimizes this graph using local factors, which impose
constraints between pose and map nodes. A local factor constraining the pose at time k and the j—th map point is
formulated as follows:

L = fo (Warp (Twk, Muw;)) + Nkjs “
where Warp (Tuk, Muw;) = Rk (Muj — Puk) = M.

Here, Ekj denotes the observation of the j—th map point obtained from the pose at time k, and ny; represents the
observation noise. The notations T.x, Rwr, and pwx represent the 3D pose, rotation, and translation of the sensor
frame at time k with respect to the world frame {w}, respectively. The point m.,; is the j—th map point in the world
frame, and f, (m) maps a 3D point into the observation space; for example, it becomes a projection function to
image coordinates [u, v]T in monocular SLAM, or the identity function in LIiDAR SLAM.

The factor graph of a local SLAM consists of pose and map point nodes connected by numerous local factors, and
the FGO is used to estimate both poses and map points. However, during optimization, there exists an unobservable
subspace that cannot be constrained by the local factors alone, referred to as gauge freedomfigure38. This concept
can be intuitively understood using a LiDAR-based SLAM system. When all pose and map point nodes in the world
frame {w} are transformed to an arbitrary frame {a} using T.., their relative geometry remains unchanged. As a
result, the local factors are invariant, and the system has six degrees of gauge freedom, corresponding to SE(3). In
monocular SLAM, the projection function f,(-) in (4) makes the absolute scale unobservable, introducing an additional
degree of freedom. Therefore, the system exhibits seven degrees of freedom, corresponding to SIM(3)figure39.

In real-time SLAM systems, sliding—window optimization is commonly employed, where only the nodes within a
fixed—size window are retained in the local factor graph and optimized. When optimization relies solely on local
factors, gauge freedom drift may occur, causing inconsistency between current nodes and old nodes outside the
window. To suppress such drift, old nodes are marginalized out and replaced with prior factors that encode their
constraints with the retained nodes. In typical settings, dense local connectivity ensures that these prior factors
are sufficiently strong to prevent drift. However, unexpected scenarios such as sudden changes in environmental
observations or failures in the data association can still lead to gauge freedom drift.

For instance, during a rotation followed by straight-line motion, observations obtained after the rotation may
exhibit strong mutual overlap but limited overlap with pre—rotation observations. In such cases, the information from
local factors within the current window can significantly outweigh that of the prior, causing the current nodes to



& [Al/ZE & SW=Z 0F]

20254 gERF=

Ho

converge to a solution that maintains local consistency but deviates from global consistency. As a result, the current
local map becomes corrupted along gauge freedom directions relative to the old nodes. Subsequently, strong local
consistency is re—established within this distorted local map.

The characteristics of the local SLAM can be summarized as follows. Relative pose errors do not accumulate
gradually over time but remain very small throughout most of the trajectory due to strong local consistency. In certain
segments with weak data association, however, global consistency can be abruptly corrupted along directions of
the system’ s gauge freedom.

ORB-SLAM (Mono) ORB-SLAM (Stereo) VINS-Fusion (Stereo) A-LOAM (LiDAR)
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Fig. 2. Visualization of gauge freedom drift across four types of local SLAM systems: monocular and stereo
versions of ORB-SLAM", the stereo version of VINS—Fusion'®, and A-LOAM®, tested on sequence 08 of the
KITTI dataset?. The parameters used for computation are a traveling length of 10m and a confidence level
B = 1-o (approximately 68%). The standard deviations for local SLAM are 0.05 x 155 radians for rotation and 0.05m
for translation.

4.2. Glocal Group and State Representation

This subsection introduces a novel state parameterization for the proposed fusion system, designed to reflect the
local SLAM characteristics identified in Section 4.1.

When local consistency is well maintained within a specific segment, the estimated relative poses remain accurate,
regardless of the segment’ s global consistency. In such cases, correcting the global misalignment of the segment
automatically restores the global consistency of all included poses, without the need to adjust each pose individually.
Based on this observation, we propose to group temporally adjacent local poses that exhibit strong local consistency
into a single unit, referred to as a glocal group:

Ki = {k |56% = Log (6Tﬁk) ~N (o,zﬂ) , (5)
5T = F (Rew, To) Toa
(k—-lekK;ork+1lek;)}.

Here, KC; denotes the index set of local poses belonging to the i—th glocal group. The frames {e} and {w;} represent
the global world frame and the i—th glocal world frame, respectively. The pose 'I‘fvik indicates the local SLAM estimate
at time k, expressed in {w;}, and is obtained by transforming the SLAM output T¢, in {w} via Tfﬂik = Tuw,wT',. The
frame {w;} is typically initialized as the pose of the first local pose in the group. A correction function F (-) is applied
to the group using the group—level parameter X..,, to mitigate global drift. A pose is considered locally consistent
and eligible for inclusion in the group if the global error z’>T£,C between the corrected pose and the ground—truth pose
T, follows the distribution defined by the local SLAM covariance ¢,

Intuitively, the glocal group definition in (5) implies that a single group—level correction parameter X..,, is sufficient
to reduce the global errors of local poses within the group. The local SLAM covariance %! serves as a tunable
threshold that defines the acceptable bounds for local consistency: a larger ¢ allows more poses to be grouped
with weaker consistency, while a smaller value enforces stricter consistency, resulting in smaller glocal groups.
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The correction function F () and the group—level correction parameter X..,, in (5) are defined as follows:

F (X ) Tﬂ k) — Xe“’i T'ﬁqk’ Xe“”i S SE (3) (6)
v Xew, T4, Xew,, Xew, € SIM (3)

L1 0
where Xew, = | fevi .
- 0 1

The group—level correction parameter Xe.,, is referred to as the glocal state. The glocal state is defined on the gauge
freedom of the local SLAM system: SIM(3) for monocular SLAM, and SE(3) for stereo or LiIDAR-based SLAM. Since
the corrected pose must lie on SE(3), the scale component of Xew, € SIM(3) is canceled via right multiplication with
Xew, -

By defining the glocal state along the gauge freedom of the local SLAM system, the correction process for global
consistency does not interfere with the strong local consistency maintained by local factors. This is because the
glocal state lies entirely within the unobservable directions. Consequently, the proposed parameterization of glocal
groups and glocal states enables global consistency to be restored while preserving the high local consistency
inherent to the original SLAM system.

Fig. 2 illustrates the key characteristics of local SLAM analyzed in Section 4.1 using the proposed parameterization.
The gauge freedom drift € is visualized for four representative SLAM systems, where the drift at the k—th pose is
defined as:

|lLog (Xeb(k)_1 Xes(K)) ll2, Ex > CDF 3 (8)

€ = icf B (7)
07 Er < CDFX?) (ﬁ)
where X.o(k) = argg{giﬂ > v llze
k'eKn
Ey = Card( mem Z view 1I35e.
k'eKq

~rr = LOQ (]—‘ (Rer, Thpr) Tek,), and ||v||2 =~ "X 'y. Here, the symbol O indicates either f (forward) or b (back-
ward), relative to the reference index k. The sets Ky and K, represent forward and backward glocal groups,
respectively, containing poses located after and before the k—th pose, such that the cumulative traveled distance
remains below a predefined threshold. Their union defines K, = K¢ U K. Ejx quantifies the local consistency of
K., following a chi-squared distribution. If Ej, falls within the confidence threshold 3 (i.e., Ex < CDF;gl(ﬂ)), the
group is deemed locally consistent and ¢ is set to zero. Otherwise, e, is computed as the relative glocal state
Xeo (k) 'Xep (K), representing the gauge freedom drift between the forward and backward groups.

As shown in Fig. 2 and analyzed in Section 4.1, all tested local SLAM systems maintain strong local consistency
throughout most of the trajectory, resulting in negligible gauge freedom drift. However, in certain segments such
as during sharp rotations, gauge freedom drift arises and corrupts global consistency. If such drift occur at a
specific point, each local pose can be partitioned into glocal groups based on the definition in (5), and corrected
using only the corresponding glocal state. However, gauge freedom drift does not occur instantaneously at a single
pose. Instead, due to the nature of sliding—window optimization, the drift gradually propagates across multiple local
poses. To correct this propagated drift between adjacent glocal groups, the proposed approach retains a subset
of local poses near each group boundary as additional optimization variables. Accordingly, the set of optimization
variables in the proposed glocal fusion framework consists of the glocal states and the boundary local poses that
bridge adjacent groups, and is modeled as follows:

) (RewSXeu, T, ) Exp (8n}) , (k € K}) ®)
* ‘F(Xewiéxﬂviv TwikéTwik)’ (k € Kji)7
where 5n£~J\/’ (0, EK). Here, 8Xew, and 8T, denote the updates to the optimization variables corresponding to the
glocal state and the local pose, respectively. The sets K and K} are disjoint subsets of the glocal group K;, where
K! contains the last N, poses, and K includes the remaining poses. For two adjacent glocal groups, the tail subset
of the preceding group plays a key role in correcting the gradual gauge freedom drift that propagates across the
boundary. For the last glocal group, K! is defined as the empty set.
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Compared to conventional fusion approaches that treat all local poses as optimization variables, the proposed
parameterization exploits the observed characteristics of local SLAM to significantly reduce the number of variables
while maintaining correction effectiveness. Furthermore, since the glocal state is defined on the unobservable
gauge freedom subspace of the local factor graph, applying global corrections via the glocal state does not affect
the well-maintained local consistency.

4.3. Maximum a Posteriori Glocal State Estimation

This subsection formulates the proposed glocal fusion approach from a MAP estimation perspective, based on the
novel parameterization introduced in Section 4.2.

To aid understanding, a simplified factor graph is considered, as shown in Fig. 3(a), where the index set of local
poses K is partitioned into two glocal groups: K; = {ki, e JciL} and ;. The group K; is further divided into head
and tail subsets: K} = K; \ K} and K} = {kl,_n, 41, -+, ki }. Since the global observations {G} are defined in the
global frame, they are modeled using both the glocal state and the associated local poses. Local observations
{Lk-1,x} are represented as binary factors between temporally adjacent poses. For clarity, the glocal state and
local pose are denoted by X; and Tk, respectively. The derivation below focuses on the case X; € SE(3), while the
formulation naturally extends to SIM(3).

(a) Initial factor graph construction (b) Incorporating local SLAM characteristics (c) Factor graph for glocal fusion
O o OO XD e 0 -
L K : J | K J '
——————————————— Construction of new factors ~
global bundle factor 1 intra-group and inter-group local factors ) O: glocal state X O: local state T ,\’::I.: fixed local state
Q ? . @ @ = : local unary factor - prior factor
b -‘ ? O=0: |j> .
,L [:> i % LJ‘> @ e el @ = = : global factor {aaar: global bundle factor
7 /, - = -: intra-group local factor == inter-group local factor

Fig. 3. Factor graph representation of the proposed glocal fusion approach. (a) Initial factor graph constructed
with global and local factors. (b) Incorporation of local SLAM characteristics by treating strongly constrained local
states as fixed random variables. (c) Final factor graph for the glocal fusion approach.

Let the observation and initial state sets be defined as Z := {{Gx }rex, {Lr-1,6}(h-1,0)ex} @NA X := {Xi, Xj, {Tr frex },
respectively. The posterior distribution of X can be factorized into prior and likelihood terms by applying Bayes’
rule, the Markov property, and the conditional independence of observations given those states:

p(X | 2)ocp(X) [[ p(Gr | X, X5, Th) (9)
ke

H p (kal,k | Xi, Xj7 Tk*th) .
(k-1,k)ek

The likelihood terms associated with local observations can be decomposed based on the glocal group as follows:
H p (L | Tx) Hp(Lk—l,k | Tr-1,Tk) H:D(Lk [ Tx) - (10)
keKh kektu{k]} keK;

Due to the definition of the glocal group, no local factors connecting IC? and KC; constrain the glocal states X; or X;.
Therefore, the corresponding likelihood terms depend only on the local states T,. Similarly, the global observation
likelihood terms in (9) can be partitioned by glocal group as:
[1p i xm) [Tp (G| %) [T PG | %5,Tk) (n
kekh kekt keK;
The local states {Tk}ke;chu;cj preserve strong local consistency due to the presence of numerous local factors.
However, global factors often have higher uncertainty and may include outliers, potentially degrading this consis—
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tency. To mitigate such risk, the local states in K U K; are modeled as fixed random variables' to retain their
consistency. Their uncertainty is modeled using the local SLAM covariance employed in the glocal group defini—
tion (5). Since local states within the same group satisfy this covariance condition by definition, they are treated
as fixed random variables with the corresponding covariance. When a new glocal group is formed, the last N;
poses from the preceding group are promoted to optimization variables to correct drift propagated across group
boundaries. The corresponding factor graph is shown in Fig. 3(b).

Based on the fixed local states, the group-wise likelihood can be reformulated. First, the global observation
likelihood associated with fixed local states (k € K U K;) becomes a unary factor depending only on the glocal
state. This term is referred to as the global bundle factor:

P (Gr | Xi, Te) p (L | T) o< p (Gr, Lk | Xi) - (12)
The local observation likelihood in (10) can also be factorized into intra—group local factor and inter—group local
factor:

[P @1 | T, o) x p (Lki ko Lag | Xi7Xj7T/c;) (13)
keKtu{kl}

inter—group local factor

p (b i, B, 7, ) AL p i)
SN N

intra—group local factor

where ki, = kj,_n, and ki, = kj,_n,+1. (12) and (13) are illustrated in the construction of new factors of Fig. 3.

With this formulation, the posterior state set for glocal fusion becomes X = {X;,X;, {Tx},cxt }» @and the posterior
distribution p (X | Z) is proportional to:

p(Xi)p (Lkéok£17Lkéo | Tk;l)p (Lk%k{,Lk{ | Xi7Xj7Tk;)

prior

18t intra—group local inter-group local

IT » @ik I Tea, o) T p(Gr 1 %0 Ti) (14)
kEIC‘,L.\{kzl} keKt
—_————

intra—group local global

[Ip@ete %) TT p(Gr,Le [ %))

keKh kek;

global bundle

MAP estimation is equivalent to minimizing the negative log—posterior. Under the assumption that each likelihood
term follows a zero—mean Gaussian distribution, minimizing the negative log—posterior corresponds to solving a
weighted least-squares problem. The detailed formulation of each term is provided in Section 5.3. The final factor
graph resulting from the proposed glocal fusion approach is shown in Fig. 3(c).

We summarize the advantages of the proposed glocal fusion approach over conventional fusion methods (see
Fig. 1) from the perspective of factor graph structure:

— Global and local consistency preservation: Conventional fusion directly connects global factors—often noisy and

prone to outliers—to local states, risking degradation of the strong local consistency maintained by local SLAM.
In contrast, the proposed approach treats locally consistent segments (glocal groups) as fixed random variables,
minimizing the direct influence of global observations.
Moreover, the roles of glocal and local states are clearly separated. Glocal states are optimized to correct global
inconsistency without affecting local consistency, while local states serve as smooth transitions between discretely
updated glocal states, preserving consistency at group boundaries. This structure avoids the typical trade—off
between global and local consistency, ensuring high levels of both.

— Reduced sensitivity to covariance modeling: When heterogeneous factors influence the same state, the system
becomes highly sensitive to relative covariance models. Since local SLAM covariance depends on environmental
observability and is difficult to estimate accurately online, such sensitivity can degrade performance. The pro—

Fixed random variables are not optimized but are assumed to follow a known distribution with predefined covariance.
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Fig. 4. Framework overview of the proposed glocal navigation system. The system consists of four modules: Local
SLAM, Map Manager, and two core modules of the glocal fusion approach: Glocal Observer and Glocal Optimizer.

posed approach reduces this issue by minimizing the structural overlap between heterogeneous factors, thereby
improving robustness to covariance mismatch.

— Robustness via global bundle factor: Rather than handling global factors individually, they are aggregated into a
single bundle factor connected only to the glocal state. This design mitigates the influence of outliers on local
states and enables more tractable outlier detection through group—level consistency checks.

— Optimization efficiency via reduced variables: By introducing glocal states and modeling most local states as
fixed random variables, the proposed approach significantly reduces the number of optimization variables. This
enables more efficient computation and allows refinement over longer trajectories within a given window size.

5. Glocal Navigation System

This section describes the proposed glocal navigation system, which builds upon the glocal fusion approach. The
overall architecture is first introduced, followed by detailed descriptions of its two main modules: the glocal observer
and the glocal optimizer.

5.1. System Overview

The glocal navigation system is systematically designed to apply the glocal fusion approach in an online setting, as
shown in Fig. 4. To utilize the proposed approach, we introduce the glocal observer module, which evaluates the
trajectory estimated by the local SLAM and detects glocal errors which is drift along the gauge freedom directions.
Upon detection, the glocal optimizer is triggered to jointly optimize glocal states and local states between glocal
groups.

The system flow is outlined in Fig. 4. Upon receiving local data, the system executes local SLAM corresponding
to the sensor modality. The resulting local poses and maps are stored in the map manager. These local poses
are included in the current glocal group under evaluation by the glocal observer in order to determine whether they
maintain local consistency and whether glocal error has occurred.

Global data typically arrives less frequently than local data. When new global data is received, it activates the
glocal observer, which first rejects outliers using the current glocal state. Then, based on the inlier global data, it
assesses the presence of glocal error. If no error is detected, only the glocal state is updated, and the global map
is refined accordingly. If a glocal error is detected, the observer identifies the segment where the error occurred
and activates the glocal optimizer.

In the optimizer, the best model selection identifies the most suitable local states—those acting as bridges between
adjacent glocal groups—to minimize optimization error. The inter—group management then determines whether the
inter—group local states should be marginalized or reinstated within the current optimization window. Using the
resulting graph model, the optimizer refines the associated states. The updated states are passed to the global
map, while the glocal observer receives the latest glocal state and prior information to initialize the next evaluation
cycle.
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5.2. Glocal Observer

The glocal observer module evaluates glocal error by leveraging global observations associated with local poses
in the current glocal group. This subsection first defines the glocal error and then introduces the observer model
designed to detect such error using both global and local observations. While the specific formulation may vary
depending on the types of global observations and the glocal state based on the local SLAM, the derivation process
is generally applicable to other combinations. In this subsection, the observer formulation is presented under the
case where both the glocal state and global observations lie on SE(3).

5.2.1. Glocal Error

To detect gauge freedom drift within a glocal group, the glocal error is introduced as a parameterization that explicitly
expresses the drift. Let the currently evaluated i—th glocal group and its glocal state be denoted by K; and Tew,,
respectively. Due to the characteristics of local SLAM, if glocal error arises within K;, the group can be partitioned
into two locally consistent segments separated by the drift. The segment preceding the drift remains correctable by
Tew;,» While the segment following the drift is treated as a new glocal group K; and corrected using a distinct glocal
state Tew;

F (Tew; 8Tew,;, T4, ) Exp (8n;) . (k € KT)
Tzk = ]:(Tewi 5Tewi7Tw,lk5Tw,;k) ) (k € ’CE) 5 (1 5)
F (Tewj §Tew; Tijk)Exp (8ny), (k € Kj)

where each 8T denotes the state update toward the true value.
The new glocal state Te.,, can be expressed as:
Tewj 6Tewj = Tewi 6TewiTwiw]~ 6Twiwj . (1 6)
Substituting (16) into the update model for KC; (15) yields:
F (Tew; 8Tew; Ty ) = Tew, 8Tew, Th (17)
L

= Tew, 8Tew; Tw;uw; Tw;w; Tt w; Trge = Tew; STew, 8Tt Ty,

where 0To: = Tuw,uw, 6TwinT[U1,£wj. Here, the glocal error OT,, represents the gauge freedom drift occurring at the
{w;}, expressed in the coordinate frame {w;}.

(a) Factor graph of the i-th glocal group (b) Group division at the anchor node (c) Glocal error observer model

Fig. 5. Glocal error observer. The outline for deriving the glocal error detection model with respect to a specific
anchor node within the current glocal group.

5.2.2. Glocal Error Observer Using a Single Anchor Node

This subsection describes the glocal error observer, which detects whether a glocal error has occurred within the
current group K; = {ki,---  ki}. To evaluate the presence of glocal error at an anchor node k’, the group is
partitioned into two segments: K;, = {k’,--- | k%} and K,. = K; \ K;,. The anchor node k’° serves as a candidate
split point for detecting glocal error, and K;, corresponds to the newly formed segment starting from the anchor.
During the observer phase, the tail subset K is initially set to empty to enable rapid glocal error detection. This
subset is later redefined during the best model selection phase in the glocal optimizer, where N, appropriate local
poses are selected for joint optimization with the glocal state. Under this setting, the state update model can be
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expressed as: T, =

F (Tw éTewic,Tﬁjick) Exo(ny),  (keKi)
F (TewiﬁTewiC ST Vie Tt ) Exp (nﬁ) (ke K;,) ’

Wier Twi k

(18)

Fig. 5 illustrates the construction of the glocal error detection model within the current glocal group. The factor
graph of the i—th glocal group is shown in Fig. 5(a). To evaluate the occurrence of glocal error at a given anchor
node, the group is partitioned into ;. and K;,., as depicted in Fig. 5(b). The new glocal state X;, is then expressed
using the current glocal state and the glocal error. After rearranging the factor graph accordingly, the result is shown
in Fig. 5(c). The glocal error observer employs three types of observer models: prior, global bundle, and inter—group
local observer models.

Global bundle observer model: The global observation model is defined as T}, = T9 Exp(n{), where nf ~
N(0,%9). Combining the global observation model with the state update model in (18), the update 6T is expressed

in the tangent space. By applying the adjoint map (1), the equation is rearranged as: Tzk Exp(n%b) =
Tew,, Th,, (EXP (Ady, 8€cw;, ), (k€ Ki,) (19)
Tews, Th, 4EXP (Ady! (06ew,, +0€uic)) , (k € Kj.)

where n2® = nf —n, Ad;} = Ad(T%, ,)™'. After moving T¢, to the right-hand side and defining the residual v{°, the
equation is rearranged using BCH formula (2) as follows:

~% — Log (Tgk Tewicﬁ%k) (20)
3P 8ew;, + 0T, (k € Ks,)

3% (8ew, + 8&w:c) + 0, (k€ Kj,)

Wi,

I

where J%° = 3.1 (v¥°)Ad;;, N ~ MO, 2P =57 + 5.
Finally, based on (20), the global bundle observer model can be constructed with respect to the full state update
as:

gb gb gb gb ab
ﬁgb _ wa +wa wa ~ab _ | 9w + bw (21)
- Hgb Hgb ’ - ab )
bw bw gbw
gb gb gb ab
where HY = Y HPY,  g¥ = > o,
keKn keK

B — g9 T390 500 gang oot — 90 T390 490 Here, B and g% denote the information matrix and gradient, respec-
tively, for the full state update [55;,%, égiﬁff in the global bundle observer model. The subscripts fw and bw on
(-)°° denote the forward set K;, and the backward set K;_, respectively.

Inter—group local observer model: As shown in Fig. 5(b and c), the inter—group local observer model is derived
from a pair of local poses belonging to different glocal groups (k; € K;, and k; € K,.). The inter-group local
observation ""I‘ﬁikj is defined as the relative pose between these local poses when both belong to the same glocal

group without any glocal error:

“Th = L., EXP (nﬁikj) . NN(o,z,“e') , (22)

eml =) =
where Tn; =F (Tewic 5T6wz‘c7Twick,-)
F (Tewic 8Tews, » T, k]) =N
where ei‘ﬁik]_ denotes the relative pose expressed in the global world frame {e}, and XY, is a system parameter
representing the covariance associated with the relative pose estimation from local SLAM. The state update model
of “Tj 4, following the update equation (18), can be written as:
“Th, = Exp (-nf, ) Th s, 8TuE: Th, s Ex0 (nf, ). (23)

Following the same derivation procedure as for the global bundle observer model (19) and (20), the residual of
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the inter—group local observer model 72“2; can be computed as follows:

ViR, = 0= I, sevie + il (24)

inter -1 inter L L -1 L
where Jk?ikj = _Adﬁkjﬁ nkikj = nkikj — nkj + Adzkikj n,w
- ~p "1 ~, - . . .
Ady! . = Ad(TE . TY k;) !, Since the glocal error observer detects how much glocal error correction is needed
(2] te™Mt te ™I

under the condition that no glocal error initially exists, the initial value of the glocal error is always set as the identity

matrix. Consequently, the residual 7}3}2; becomes a zero vector.

The covariance models for noise terms niikj and nﬁj follow %, and X¥, respectively. However, the covariance

for ni denoted by Ezi, does not directly follow Xf. Instead, it simply compensates for the N, local states, which

inter

are initially empty during the observer phase. The final noise model NK; is summarized as follows:

nEE, ~ N (0,51, = Sl + 3+ A, SEALT, ),

i ke
ki
where f = AdgiﬂkiEZAd[kaiJr ZAd[ikiEfe‘Ad[,L , (25)
k=ko+1

where ko = max (ki, ki—N,). Lastly, utilizing (24) and (25), we obtain the information matrix and gradient for the
inter—group local observer model.

inter 0 Y inter __

i - |:0 H'nter:| ) g - 07 (26)
h inter __ sinter T yinter -1 inter

wnere H = ‘]kikj kik; Jkikj .

Glocal error observer: Based on the previously derived global and local observation models, a module for detecting
glocal errors at a given anchor node is presented.

Initially, since no glocal error has been detected within the current group, the system employs the factor graph
shown in Fig. 5(a). The resulting optimized glocal state is denoted as T..,,. Accordingly, the initial state of the glocal
error detection model in Fig. 5(c) is set to Tew,;, = Tew,; and 6T$j.z = I, corresponding to no glocal error. Using this
initialization, the global bundle and inter-group local observer models from (21) and (26), along with the prior factor
for the current group (H° and g°) computed by the previous glocal optimization module are combined as:

— |Hew. H° _ ows
H= {Hfﬁ: Hg\?v _:v;_limer , 9= |:ggg\?vl:| ) (27)

where He,, = H° + B +H® g, = 0° + 0% + g2

Here, Hew; and gew,; denote the information matrix and gradient of the current glocal state Te.,,, respectively.

Since we aim to detect only the glocal error independent of the current glocal state error, the Schur complement

is applied to leave only the glocal error:
Hse = H™ 4+ HY, — HYD H,.,, HY (28)
Osc = gtg)\?\/ - Hga H;}“i Qew; - (29)
The information matrix Hsc represents the degree to which the glocal error at the anchor node is observable from the
collected observations, while gsc indicates the update direction for the glocal error derived from these observations.

The glocal error at the anchor node is expressed as

8&uwi® =Hge Qs ~ N (0, Sec = Hye) . (30)
The Mahalanobis distance for the error can be computed as:
dm = &1 Hee 8€uic = O Hyt Qoo ~ X2 . (31)

Since dn follows a chi—squared distribution with the dimension of the glocal error, a glocal error is detected if dm
exceeds the inverse cumulative threshold CDF;{% (8). Intuitively, a large dn indicates a high probability that a glocal
error has occurred at the anchor node, necessitating the creation of a new glocal group and state. Conversely, a
small dm implies that the current glocal state sufficiently explains the observation residuals, and no additional state
is required.
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5.2.3. Glocal Error Observer Using Multiple Anchor Nodes

In Section 5.2.2, a method for detecting glocal errors from a single anchor node is described. However, since the
precise location where the glocal error occurs within the current group is unknown, this subsection introduces a
glocal observer module that employs multiple anchor nodes to identify the error position. The module is system-
atically designed for online operation. Algorithm 1 outlines the complete procedure of the glocal observer module.
The proposed algorithm is applicable regardless of the types of glocal state and global observations, requiring only
the internal function definitions to be adapted for specific cases.

The glocal observer module initializes the current glocal group state using the state and prior factor obtained
from the glocal optimization. When local data are received, they are appended to the set of local poses L in the
current glocal group. Upon receiving global data, the information matrix and gradient at time k are computed by
the globalObsModel() function, based on (20) and (21), using the local pose closest in time to the incoming global
data G.. The resulting information matrix and gradient are then added to the glocal state’ s existing information
matrix and gradient. Whether the glocal state requires an update is determined using the Mahalanobis distance,
ZwiH;}l,igewi. If an update is required, the updateGlocalState() function optimizes the glocal state and updates the
relevant internal variables accordingly.

Subsequently, the module updates and evaluates each anchor node within Ay,. To evaluate an anchor node,
the associated information matrix Hsc and gradient gsc of the glocal error are required. The information and gradient
for all backward sets of anchor nodes are accumulated into Hib and ggb, followed by the computation of Hsc and
Osc Via (28). For anchor nodes with sufficient accumulated observations, the Mahalanobis distance is computed.
The reliability of each anchor node is then evaluated using Hsc — H™®", which removes the offset introduced by z™e
and emphasizes the confidence derived solely from observation data. This evaluation prevents the unnecessary
creation of new glocal groups due to spurious error detections caused by insufficient observations. An anchor node
is regarded as reliable if the log—determinant values of the scale and SE(3) components of the information matrix
are greater than (s and (r, respectively.

If the computed dm exceeds a predefined threshold, a glocal error is considered detected. findBestAnchorNode()
is triggered to select the anchor node with the largest glocal error. The anchor node with the maximum dn, is
identified, and its neighboring anchor node indices, k and &, are determined. The local pose index corresponding
to the largest Mahalanobis distance is then selected by k¢ = argmax,;. dm(k’<), where ks € {k,---,k}. The
selected best anchor node is returned to the glocal optimizer.

To limit computational overhead, the number of anchor nodes is constrained by a maximum value Nanc. Upon
receiving new global data, a new anchor node is created at the local pose closest in time to the incoming data.
If the number of anchor nodes exceeds Nanc, anchor node deletion is triggered. Since neighboring anchor nodes
often share similar data and detect errors at proximate trajectory points, such redundancy is reduced by deleting
nodes according to two criteria: (1) anchor nodes in the first half that have passed through multiple evaluations,
and (2) anchor nodes with minimal differences in dn, compared to adjacent nodes and low likelihood of glocal error
(i.e., low dm).

5.2.4. QOutlier Rejection

Since global observations are generally noisy and often contain outliers, this subsection describes the outlier re—
jection method in the glocal fusion model. Given a global observation T, , its residual and Jacobian with respect to
the current glocal state can be computed as follows:

~  —1 ~ ~
~? = Log (Tgk TewiTiik) = 196&cw, +nP =AY,
where A2 ~ A (0,59 = 32 K3, 58 +58°), (32)

N =-3" (7)) Ady., 8w, ~N(0,H,,) .

Here, n{ represents the noise model of the residual 4} for outlier detection. The residual is normalized using its
covariance, and the Mahalanobis distance is computed for outlier rejection. A global observation is considered an
outlier if it satisfies the following condition: 48" £9 " 49 > oy = COF 2 (Bou) -
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Algorithm 1: Glocal Observer
Input: X..,, H°, g°: data for current glocal group
Output: 4;-: best anchor node

// Initialize current glocal group
Hew, < H”)  Qew; ¢ 0%

for each incoming data D, do
if isLocalData(Dy) then
| L.insert(Ls) continue:

// Process global data
[P, g%] < globalObsModel(Xew,, L, Gk);

// Update for glocal state
Hew;  Hew, +HY)  Qew; ¢ Gew; + 0
if checkGlocalState(Hew,,Jew,;) then

L Xew,; < updateGlocalState();

// Update and evaluate anchor nodes
foreach A, € Ay, do

Aj. HY  a;, HY® +H;

Aj.-GF,  Aje.0, + a7
schurComplement(4;,);

if checkEnoughInformation(4;,) then
L computeMahaDist(4;,);

// Detect glocal error

if checkGlocalError(Ay,) then

Ajx + findBestAnchorNode(Ayz,):
return A;-;

// Create or delete anchor node
if checkNeedNewAnchor() then
Ajnew <— initializeNewAnchor();

Ag, .insert(Ajnew):

if checkNeedDeleteAnchor() then
L findDeleteAnchorAndDelete(Ays,);

5.3. Glocal Optimizer

The glocal optimizer module creates a new glocal group based on the glocal error detection results from the glocal
observer module and subsequently performs sliding—window optimization. As illustrated in Fig. 4, the optimizer
comprises three submodules: best model selection, inter-group management, and glocal optimization.

5.3.1. Best Model Selection

The best model selection submodule reintroduces N, local states that are not modeled in the glocal observer module,
which aimed for fast and efficient glocal error detection. This submodule selects the local state model that minimizes
the observation residual. Let k7c denote the local pose index at which a glocal error is identified by the observer.
Based on this point, the set of local pose indices eligible to be local states is defined as:

Keang = {max (K, K2 ~Ny+1) - min (Kb, k2 +N=1) },
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where ki and k% denote the indices of the first and last local poses in the current glocal group, respectively.

Subsets ICEC containing N, consecutive elements from the candidate set K.ang are constructed as candidate local
state models. For each candidate, a factor graph is built as illustrated in Fig. 3(c), and optimization is performed.
After optimization, residuals are normalized using their respective covariance models, and the sum of squared
normalized residuals is computed. The candidate model yielding the minimum sum is selected as the best model
K. Inthis study, three uniformly distributed candidate models from Kcang are evaluated to determine the best model.

]
:_!I!.l
B—
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/7 Inter-group management —
Marginalization Reinstantiation

0+0 » O=—_5C
—\ —_—
——: inter-group factor

u\ /

Fig. 6. Glocal optimization framework with inter—group management deciding marginalization or reinstantiation of
local states.

5.3.2. Inter-Group Management

The inter—group management determines how local states that connect glocal states within the optimization window
are managed. These local states compensate for gauge freedom drift around the boundary between adjacent glocal
groups and ensure smooth transitions between discretely updated glocal states, thereby maintaining consistency
across group boundaries. When the relative transformation between adjacent glocal states changes significantly,
these local states play a critical role. However, after a few glocal optimizations, the relative glocal states typically
converge, resulting in only minor changes thereafter. In such cases, keeping all inter—group local states as opti—
mization variables becomes computationally inefficient. Instead, it is preferable to marginalize them and represent
their influence as inter—group factors connecting the adjacent glocal states.

As illustrated in Fig. 6, inter—group management determines whether to marginalize or reinstantiate the inter—group
local states before glocal optimization. After each glocal optimization, any local states retained as optimization
variables are marginalized to construct inter—group factors. The relative glocal states between the associated
groups at the time of marginalization are also stored.

Using the stored relative glocal states and inter—group factors, inter—group management determines whether
marginalization or reinstantiation is necessary based on two criteria: (1) the deviation between the stored relative
glocal state (at the time of marginalization) and the current relative glocal state is evaluated. If the deviation is
large, the previously marginalized local states are reinstantiated. (2) The information matrix ™" and gradient g™’
of the inter—group factor are computed using the current connected glocal states. Based on these, the Mahalanobis
distance is calculated to determine whether the factor is still valid. A large Mahalanobis distance implies that the
current inter—group factor no longer supports the glocal states well, prompting reinstantiation and reoptimization of
the local states, followed by factor update.

In addition, the inter—group factor that connects the oldest glocal state within the optimization window is always
reinstantiated. This is because once a glocal group moves out of the window, it is no longer updated and is
summarized into a prior factor. Therefore, having the most accurate state before marginalization is desirable.
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5.3.3. Glocal Optimization

Glocal optimization jointly optimizes the set of variables X consists of the glocal states within the window and the
local states reinstantiated by inter—group management, as shown in the factor graph in Fig. 6.

2= {Xihiew, (T} DF ), (33)
where W = {i1, ..., ings } = Wz UWa U {ings I
Ki={kl, -k}, Kiy, =0.

Here, W denotes the set of indices of the glocal states within the optimization window. The sets Wz and W
contain the indices of the preceding groups connected by the reinstantiation and marginalization local factor models,
respectively. For notation simplicity, the i—th glocal state X..,, and the k—th local pose T., within the i—th group
are denoted by X; and T;x, respectively. The optimization cost is constructed as follows:

X=argmin 7% 15+ 17 et D 101
1 i i,4+1
iew PEW A

Z Z ‘|7zgk||22§’k+ZH7zez+lk”;f . ; (34)

EWz \kekdInkl keK!

The superscripts p, gb, inter, g, and ( represent the prior, global bundle, inter-group, global, and local factors,
respectively. The local factors include both intra—group and inter—group local factors. The subscripts indicate the
indices of the states constrained by each factor. The set K? denotes the indices of local poses in the i—th group
that are closest in time to the global observations.

The state update model is defined as follows: T, =

F (X:8%;, T8 ) N}, = F{EXD (Jnd%:) NE, (k€ K
F (Xi8Xi, TiedTix) = FinEXp (J1[0X] ,8&,,] ), (k € K’
where NY =Exp (nﬁ) JFL :]—'(xi,i‘fk) ,Far = F (X, Tir). (35)

Here, the Jacobian J corresponds to the state update model and is derived for each case.

The global observation model is defined as fq (TX,) = Gx ®nY, where fg(T) maps € SE(3) to the glocal observation
space. @ denotes the noise addition operator, which depends on the type of G. Using the observation model and
(35), the residuals for the global bundle and global factors are defined as:

"/ng = Z Fi}, © G, Yir = Fir © Gr, (36)
kexInkh
Log (67'F), (G € SE(3))

where F& G = .
fg (F) — G, (G € vector space)

The local observation model is defined as:

) ¢
“Thik; = “Th,k; EXP(Ng,), (37)
* * =1 mx =) L -1 mt
where “Tr., = Tek, Ten;s  Thuk, = Ter, Tk,

Here, the pose T, is determined by the state update model in (35), and T, is defined by F(X;86%;,T¢,). For the
inter—group local factor, k; belongs to the j—th group. In this case, the state update model is defined with respect
to group 7, whereas the observation remains defined with respect to group 4, without considering the group division:

Tok, = Fi EX0 (X)) N, Thy, = F (Xidk, T ) (38)
By (37) and (38), the local factor residual ~v;,,, , is given as:
Log(Fi, ' Fix,), (ki € KN, Kk € KY)
LOQ(ka;lkaiF;éiFikj% (ki kj € KY) . (39)

LOQ(Fek;lkaiF;liiFfﬂ,kj)a (ki € ICEN k; € ’C?ﬂ)

k3
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The first and second cases refer to the intra—group local factors, while the last case corresponds to the inter—
group local factor. The intra—group local factors influence only the local states, while the inter—group local factor
always affects both the connected glocal states and the local state, regardless of the glocal state representation.
In addition, when the glocal state is defined in SIM(3), a regularization term is added to preserve scale consistency
between adjacent groups, preventing the scale from being fully corrupted by noise in global observations. The
Jacobian and covariance of each factor follow the derivation in Section 5.2.2 and are omitted here for brevity.

After glocal optimization, two types of marginalization are performed. First, the local states in Wz are marginalized
to form inter—group factors, which are subsequently used in inter—group management. Second, all states except
the last glocal state are marginalized to generate a prior factor for the last group. This prior is used in the next glocal
observer step (27).

6. Experimental Results

This section presents the experimental results of the proposed glocal fusion system using various combinations of
local and global data, and compares its performance with that of conventional fusion systems.

6.1. Experimental Setup
6.1.1. Local and Global Data

This paper proposes a general sensor fusion framework capable of integrating various types of local and global
data. To validate the proposed system, experiments are conducted using various local SLAM methods and global
observations. For local data, we employ widely used SLAM systems based on different sensor modalities: ORB-
SLAM (monocular and stereo versions)", VINS—Fusion (stereo version)"”, and A-LOAM (LIDAR)™*. For clarity,
each local SLAM system is referred to by an abbreviation throughout this section: OM for ORB-SLAM (monocular),
OS for ORB-SLAM (stereo), VF for VINS—Fusion, and LM for A-LOAM.

To evaluate the fusion system under various levels of global observation noise, synthetic global data are generated
using ground-truth poses from the dataset. For each odometry sequence, the ground-truth poses are transformed
into a randomly generated global coordinate frame {e} to produce {T},}x. Noise n{ ~ N (0,%Y) is then added to
generate global observations. The covariance %Y is computed as: \/ﬁ = Uy - diag (Ng-w - @) .U}, where Uy is an
orthonormal matrix, and a; is a 60 normalized vector. The parameter Ny- controls the noise level of the standard
deviation. For each pose, U, and a, are randomly sampled to generate the corresponding covariance and global
observation. The resulting global observations are denoted by T(Ng-y) and p(Ng-w), indicating pose and position
data generated with noise level Nqy-. For instance, T(1) refers to a global observation with standard deviations of
1° in rotation and 1 m in translation.

To this end, we use the KITTI odometry dataset?, which provides ground-truth data along with LiDAR and stereo
inputs, to conduct various ablation experiments and gquantitatively compare the proposed system with conventional
fusion methods.

6.1.2. Baseline: Conventional Fusion System

This subsection describes the conventional fusion system used as a baseline for evaluating the proposed glocal
fusion system. Before optimizing the factor graph structure shown in Fig. 2, conventional fusion systems typically
perform coordinate alignment between global and local data to ensure stability. Similarly, the baseline in this paper
first estimates a global state that represents the relative transformation between the local world frame {w} of the
local SLAM system and the global world frame {e}, referred to as global alignment. To avoid over—parameterization,
local SLAM’s states are assumed to be accurate, and only the global state is estimated during alignment.

Performing fusion before accurately estimating the global state may lead to poor estimation or convergence to
undesirable local minima. Therefore, the system waits until the local observability Gramian (LOG), which quanti-
fies the accumulated information for estimating the global state, becomes sufficiently informative. Specifically, the
log—determinant of the LOG must exceed the predefined thresholds ¢ and ¢; for the scale and SE(3) components,
respectively. When the global observation consists only of positional information, the rotation about the direction
of motion becomes unobservable during straight—line trajectories, potentially resulting in incorrect global state es—
timation. To address this issue, when only global positions are available, the rotation component of the LOG is
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extracted via Schur complement, and the log-ratio between its maximum and minimum eigenvalues is evaluated
against the threshold 7rot.

Once the LOG is sufficient, the global state estimated from the alignment phase is used to initialize the local
state nodes T in the factor graph shown in Fig. 1(a). Then, all local states used during global alignment are jointly
optimized using both local and global factors. Subsequently, sliding—window optimization is performed with a fixed
window size Nys. Old states that exit the window are marginalized to construct prior factors. For optimization of
the conventional fusion, GTSAM“? version 4.2 is employed with the Levenberg-Marquardt method. In contrast,
the proposed glocal optimizer utilizes a custom optimization solver developed by the author, also based on the
Levenberg—Marquardt method.

6.1.3. Hyperparameters

The hyperparameters used for the proposed glocal fusion and the conventional fusion systems are summarized
in Table 1. The parameter ¢, used to evaluate the reliability of each anchor in the glocal observer and of global
alignment in the conventional fusion, is set based on estimation theory, such that it corresponds to an n—sigma
confidence level for a given threshold. For instance, (r in the glocal observer is determined to correspond to the
information level required for bounding rotation and translation errors within 1.5° and 1.5 m, respectively, at the 3-o
confidence level.

The covariance Efe‘ of relative poses in local SLAM, a key parameter for optimization, is identically set for both the
conventional and glocal fusion systems, and an ablation study is reported in Section 6.2. In conventional fusion,
Nws limits the number of local states, whereas in the glocal optimizer, the window size constrains the number
of glocal states. The inter—group factors reinstantiated by the glocal fusion system’ s inter—group management
module average between 1.1 and 1.3 (see Table 2). For fairness, Nus in each system is therefore selected to yield a
comparable number of states optimized per iteration. Unless otherwise specified for ablation studies, all experiments

are conducted under identical parameter settings.

Table 1. Hyperparameters for the proposed glocal fusion and conventional fusion systems.

Glocal Fusion Param Value

Glocal Observer

L local covariance »t Cov(cf =0.05°, of =0.05m)
L detect outlier Cout CDF 5 (Bout =5-0)
L detect glocal error Corr COFL} (Ber=1-0)
L check Hessian Cs l0g(Hs = pair1y)
G log(det(Hr = Cov(&:37, L:3m)1y)
. # of anchor nodes Nanc 200
Glocal Optimizer
L local rel. covar. b Cov(cf, =0.04°, 0} ,=0.04m)
L window size Nus 10
L # of local states N, 10
Conventional Fusion Param Value
Global alignment
L check Hessian Cs log(Hs = m)
o log(det(Hr = Cov(22%, 0:3m)=1y)
Yrot 6
Optimization
L local rel. covar. =L Cov(of, =0.04°, ot =0.04m)
L detect outlier Cout CDF 3 (Bowt =5-0)
L window size Nys 25

* Cov(ow, o) = diag ([(342)* x [1,1,1],07 x [1,1,1]]).
x The 1-¢ and 5-c are 68.27 % and 99.99994 %, respectively.
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6.1.4. Error Metrics

This subsection describes the error metrics used to evaluate the global and local consistency of sensor fusion
systems. To evaluate global consistency, the absolute trajectory error (ATE) is used, while the relative trajectory
error (RTE) is employed for assessing local consistency. The error terms are defined as follows:

. 0.5
1 w1 2
ATE = <l k§:1 Itrans(Tky Tex)|| ) ; (40)
, 100 ) (A 0.5
-+ 2
RTE = Card@ 2= A \1(8) 5:1 [[trans (Ex) | ;

where E, = (TZET;C(A))*(TekTek,(A)). A denotes the fixed traveling length interval used for RTE calculation, and the
set of all intervals is represented by Z. The index k(A) indicates the frame that is at least A away from the k-th
frame and closest to A, while I(A) represents the total number of frames for which RTE can be calculated using A.
In this experiment, to evaluate estimation accuracy in the local domain, Z is set to {10, 20, 30,40, 50 m}.

Unless otherwise specified, the unit of ATE is m, and the unit of RTE is m, which can be intuitively interpreted as
the average error in meters per 100 meters of traveled distance. All reported results are obtained by averaging over
five repeated trials under identical conditions.

6.2. Ablation Study

To demonstrate the role of key modules and hyperparameters in the proposed glocal fusion system, an ablation study
is conducted by varying different hyperparameters and evaluating their impact on performance. The performance
of each system is evaluated by the average ATE and RTE across all odometry sequences of the KITTI| dataset.

6.2.1. Local SLAM Relative Covariance

This section presents an ablation study on the covariance Efel of relative poses in local SLAM, which is a key

parameter in the optimization of both the glocal and conventional fusion systems. As discussed earlier, computing
this covariance online is challenging, and fusion systems therefore rely on pre—defined values. A mismatch between
the pre—defined and true covariances can degrade performance, and robust systems are expected to tolerate
such discrepancies. To evaluate this robustness, Efm is systematically varied over a wide range and the resulting
performance of the fusion systems is analyzed.

The covariance X, is parameterized by the rotation standard deviation o, , and the translation standard deviation
2

o, » Which are varied from 0.01° to 0.1° and from 0.01m to 0.1 m, respectively. The evaluation employs global pose
and position observations with a noise level of 2.5, and local systems based on OM and OS. Specifically, the glocal
fusion is tested with T, p(2.5)-OM using SIM(3) as the glocal state, and with T, p(2.5)-OS using SE(3). Fig. 7 shows

the results.

As illustrated in Fig. 7, the proposed glocal fusion system exhibits significantly higher robustness to variations
in local relative covariance compared to the conventional system. The glocal fusion consistently preserves both
global and local consistency across a broad range of covariance settings. In contrast, the conventional system
is sensitive to the covariance, and its performance degrades severely, sometimes even diverging, when o},  is
under—determined. This robustness stems from the glocal fusion approach minimizing structural overlap between
heterogeneous factors in the factor graph (see Section 4.3), thereby reducing sensitivity to covariance mismatch.
Furthermore, the performance gap is particularly pronounced in local consistency, as the proposed method groups

locally consistent states into glocal groups, which prevents degradation from noisy global factors.

Based on these results, the local relative covariance is set to Cov(0.04°,0.04 m), which yields the best overall
performance for both the proposed and baseline systems.

6.2.2. Optimization Window Size

This subsection compares the performance of each system with respect to the optimization window size. For the
conventional fusion system, Nys is varied, while for the glocal fusion system, N, is varied. Since Nys = 10 already
provides a sufficiently large window for glocal fusion, its performance is instead evaluated with respect to N,;, which
determines the number of local states optimized across groups. The fusion cases used for evaluation are identical
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Fig. 7. Performance of glocal and conventional fusion systems under varying local relative covariance in four
fusion cases. o' ; and ot , are varied from 0.01° to 0.1° and from 0.01m to 0.1 m, respectively. The color bar is
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scaled uniformly within each system for clear visualization.

to those in Section 6.2.1.

Fig. 8 shows the performance of the conventional and glocal fusion systems under varying Nys and N, respec—
tively, along with the offline batch optimization result as a reference. In conventional fusion, performance improves
with increasing Nus, and a similar trend is observed in glocal fusion. However, even when N, = 0, glocal fusion
outperforms conventional fusion with small window sizes, and in the case of global position p, it even surpasses
the batch optimization. With N, set to as few as 10, glocal fusion achieves superior global and local consistency
compared to nearly all conventional fusion cases. In particular, p(2.5)-OM consistently outperforms conventional
fusion, since the proposed method optimizes a scale factor for each glocal group, unlike conventional fusion which
relies on a single global scale in monocular SLAM. Consequently, for OM, the online version of conventional fusion
occasionally performs better than its offline version.

T(2.5)-OM T(2.5)-08 p(2.5)-OM p(2.5)-08
0.5 0.2
0.2 [~~Glocal (online) 0.3
= A Conventional (online)
203 +++Conventional (offine) |
< [ ’ AN
lb\‘_...".. -+ \ Mo G pheioge PN
0.1 —— 0.1 0.1 T = 0.1
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50
2.5
=
=15
[at
0.5 angeas.
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50

30 40 50 0 10 20
X-axis: Ny (Glocal), Nys (Conventional)

Fig. 8. Performance of conventional fusion with varying Nys and glocal fusion with varying N,. The result of
conventional fusion (offline) corresponds to batch optimization of all states without a sliding window.

Fig. 9 shows the average number of glocal groups Ng, generated per KITTI sequence and the average number
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of local poses included in each group, as N, varies. When global pose observations are used, more groups are
generated compared to the case with global position observations, since pose provides richer information and leads
the glocal observer module to partition the trajectory more strictly. As Ny increases, Ng, decreases. This indicates
that larger N, enhances each group’ s correction capability, allowing fewer groups to preserve both global and local
consistency.

Avg. #Groups Avg. #Local Poses in each Group

5. T(2.5)-OM p(2.5)-OM | 75
T(25)-08 *p(2.5)-08

250 10 2‘0 3‘0 4‘0 5025(‘] 10 2‘0 3‘0 4‘0 0
5
Ny Ny
Fig. 9. Effect of the number of local states N, on group formation in the glocal fusion system. (Left) Average
number of glocal groups generated per sequence. (Right) Average number of local poses assigned to each group.

Fig. 10 illustrates the results of glocal fusion (p(2.5)-0S) on KITTl seq. 9. When N, = 0, a larger number of glocal
groups are formed compared to the case of N, = 20, resulting in noticeable discontinuities at group boundaries due
to the insufficient number of local states that ensure smooth transitions. This effect is more clearly observed in the
frame—wise ATE graph in Fig. 10, where group split indices cause abrupt deviations when N, = 0. In contrast, when
N, = 20, the trajectory remains smoothly connected across groups without inter—group inconsistency, demonstrating
the effective bridging role of local states designed in the glocal optimizer.

Glocal (Ng = 0) Glocal (N, = 20)

o U tlocal er
‘— - Glocal group ! ‘ Glocal ;,1()\11)‘ ~
I
N / i Ve
{ i N S,

i
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/ ! )
¢ ’
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ATE

= Conventional (Nys = 25)
—— Glocal (N; =0) —— Glocal (N; = 20)
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700 720 740 760 780 300 820 840 860
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Fig. 10. Results of glocal fusion (p(2.5)-0S) on KITTI seq. 9. The top row shows estimated trajectories with
N, = 0 (left) and N, = 20 (right). The bottom graph presents the frame—wise ATE around the highlighted group
split region, comparing conventional fusion and glocal fusion with different N, values.

6.2.3. Glocal Observer

This subsection evaluates the effectiveness of the proposed glocal observer module by comparing it against a naive
strategy in which glocal groups are split after a fixed number of local frames.

Fig. 11 presents the results of this comparison. In the proposed observer module, the key parameter is the local
covariance ¢ = Cov(sf, of), where of and o are varied over {0.01,0.03,0.05,0.1,0.15,0.2,0.25}. The resulting
performance for each setting is plotted against the average number of local poses per group. As described in
Section 4.2, larger values of ¢ increase the tolerance for local consistency, which allows more local frames to be

included in each group, thereby shifting the x—axis values to the right.

The results show that, for a comparable number of local poses per group, the proposed observer consistently
outperforms the naive fixed—frame approach. This demonstrates its ability to cluster locally consistent frames into
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glocal groups, thereby achieving better accuracy with fewer parameters. The superiority becomes more evident as
the group size increases, since the grouping is adaptively adjusted to preserve both global and local consistency.
In addition, the module reduces redundant state variables while ensuring that only locally consistent frames are
grouped, which is critical for stable optimization in large—scale trajectories.

7(2.5)-OM T(25)}0 p(2:5)-OM p(2.5)-08

0.35 . 0.25 0.25 0.25 .
03 0-Glocal (proposed observer) o

E 0.2 0.2 H-o-Glocal (fixed #local poses per group) 0.2

- %000 WM o—o—o/o'O/O/O
0.11 .
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10 10 1()() H) 100 10 10 70 100 10 10 70 100
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é&

X-axis: #local poses per group

Fig. 11. Ablation study of the glocal observer module. The baseline corresponds to naive grouping with a fixed
number of local frames per group. The proposed observer is evaluated by varying the local covariance ‘. Results
are plotted with respect to the average number of local poses per group.

6.2.4. Glocal Optimizer

The ablation study on best model selection and inter—group management in the glocal optimizer is reported in
Table 2. The results indicate that incorporating the best model selection module improves performance compared
to directly using the anchor node selected by the glocal observer. This suggests that the module identifies the
precise indices and local states where group division should occur.

Furthermore, inter—group management achieves local and global consistency comparable to the case where all
local states are included as optimization variables, while significantly reducing the number of reinstantiated states.
On average, only 1.1-1.3 inter—group factors are reinstantiated, confirming that the module efficiently selects the
necessary inter—group local states. Based on this observation, the average number of optimization states can be
approximated as Nws + Npeinst X Ny ~ 22.

Table 2. Ablation study of the glocal optimizer on best model selection and inter—-group management
(ATE/RTE in cm).

Best model  Inter—group T(2.5)-OM T(2.5)-0S p(2.5)-OM p(2.5)-0S
selection  management ATE RTE  Npeinst ATE RTE  Ngeinst ATE RTE  Npeinst ATE RTE  Npeinst
v v 13.03 7480 1.19 11.74 6329 1.16 11.67 9467 1.30 11.74 96.59  1.31
v 12.93 7445 794 1175 63.42 794 1165 9479 7.39 11.72 96.58 7.63
v 15.29 80.50 1.18 12.47 66.81 1.17 1219 96.53  1.31 12.29 98.94  1.31

6.3. Global Observation

The fusion systems are evaluated under varying noise levels of global observations, as well as in the presence of
outliers. The average performance of each system is reported over all odometry sequences of the KITT| dataset.

6.3.1. Performance Analysis with Varying Noise Level

The noise level N4y of the global observations is varied from 0.5 to 5, and the performance of the glocal and
conventional fusion systems is evaluated. The results are shown in Fig. 12. Across almost all noise levels, the
glocal fusion system consistently outperforms the conventional counterpart, with the performance gap becoming
more pronounced as the noise increases. This improvement can be attributed to the separation of high—noise global
factors from locally consistent states, as well as the use of bundled global observations rather than single factors.
When the noise level is very low, both systems achieve comparable performance. In this case, highly reliable global
observations help correct the trajectory without degrading the local consistency, thereby diminishing the relative
advantage of the proposed method.

Furthermore, the performance gap is larger for global position observations than for global pose observations,
and the reason can be analyzed as follows. In conventional sliding—window optimization, the states included in the
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window often correspond to straight-line motion. As mentioned earlier, when only global position observations are
available during such motion, the observability of the rotation angle along the motion direction becomes severely
limited, and the orientation must be constrained solely by the prior factor. This imbalance of information regarding
the orientation between the prior factor and the current factors in the graph makes the conventional fusion system
highly sensitive to small amounts of noise. In contrast, the glocal fusion system can optimize a much longer
trajectory history within the same window size, thereby alleviating this issue. Consequently, when global position
observations are used, the performance of the conventional approach degrades compared to the proposed method.

T(Ny.1v1)-OM
0.25 (Ngw1)-0 0.2

0.2 T(Ngw)- )-OM
058 -0-(,local
Eo1s | 038} *—-(‘()nvt ntional 0.15
= ? 0.1 0.15
0.05 ”()v [)U) UU)
0.9
g w%w% % %
.‘ - 0.8

4
X- 1x1s N,- 1»1

Fig. 12. Comparison of glocal and conventional fusion systems under varying noise levels of global observations.

Fig. 13 illustrates the variation in the number of glocal groups and the average number of local poses per group
as functions of the global noise level. As the noise level decreases, the glocal observer can more strictly detect
glocal errors using higher—quality global observations, which leads to the formation of a larger number of groups.

Avg #Groups Avg. #Local Poses in each Group

110 80
T(2.5)-OM @ p(2.5)-OM

+T(2.5)-0S @p(2.5)-08
80 60
50 40
2 2 3 1 5o 1 2 3 1 5
5 5
Ng-lvl Ng—lvl

Fig. 13. Effect of the global noise level Ny-,; on group formation.

6.3.2. QOutlier

This subsection evaluates the performance of each fusion system in the presence of outliers in the global observa-
tions. The covariance corresponding to a noise level of 2.5 is used for generating inliers, while outliers are generated
with a new covariance corresponding to a noise level of 5. For the outlier data, the covariance corresponding to a
noise level of 2.5 is assigned, thereby introducing a mismatch between the observation and its covariance model.
The outlier ratio among the global observations is varied from 10% to 50%, and the outliers are uniformly distributed
across the dataset.

The results obtained with global observations containing outliers are presented in Fig. 14. As the outlier ratio
increases, the proposed glocal fusion system demonstrates superior performance compared to the conventional
fusion system. This indicates that the parameterization adopted in glocal fusion propagates covariance information
more effectively than the conventional approach, which relies on individual local states, thereby enabling more
robust outlier detection and rejection.

6.3.3. Degeneracy Case without Global Observations

In this subsection, the performance of the fusion systems is evaluated in scenarios where no global observations are
available for certain segments of the sequence. The evaluated fusion cases are p(2.5)-OM and p(2.5)-0S, tested on
KITTI seq. 7. The results are illustrated in Fig. 15. In the trajectory, areas A and B represent segments where global
observations are absent until new observations are received. In both regions, the trajectory estimated by the glocal
fusion system remains close to the true trajectory, whereas the trajectory from the conventional fusion system shows
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Fig. 14. Results under different outlier ratios in the global observations.

a significant loss of global consistency. This discrepancy is particularly pronounced in p(2.5)—-OM with monocular
SLAM, where the absence of scale optimization results in a large deviation. A similar trend is observed in p(2.5)-08S,
where the glocal fusion again achieves more accurate results.

The ATE graphs at the bottom of Fig. 15 highlight the difference more clearly: while the conventional fusion system
completely loses global consistency in the no—global—-observation regions, the glocal fusion system maintains a high
level of consistency. This is attributed to the fact that the glocal fusion approach continuously optimizes an extended
trajectory history, allowing global observations from neighboring groups to propagate and restore global consistency
even in segments without direct global observations.
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Fig. 15. Results of p(2.5)-OM and p(2.5)—0S fusion cases on KITT| seq. 7. In both cases, the regions marked as A
and B correspond to trajectory segments without global observations. In the zoomed-in views of regions A and B,
the ground truth is represented by the black trajectories.

6.4. Experimental Results
6.4.1. KITTI

The evaluation results for all KITTI sequences are presented in Fig. 16. Each fusion system is tested using global
pose and position observations with a noise level of 2.5, combined with four types of local SLAM. In almost all cases,
the proposed glocal fusion system achieves superior preservation of both global and local consistency compared
to the conventional approach. The averages of ATE and RTE across each fusion case also confirm the improved
performance of the proposed system. Notably, the performance difference is more pronounced in local consistency
than in global consistency. Fig. 17 shows the qualitative results of p(2.5)-LM together with the number of glocal
groups formed in each seguence.
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Fusion T(2.5)-OM T(2.5)-0S T(2.5)-VF T(2.5)-LM
method Glocal Conven. Glocal Conven. Glocal Conven. Glocal Conven.
seq. ATE RTE ATE RTE ATE RTE ATE RTE ATE RTE ATE RTE ATE RTE ATE RTE
0 13.76 79.38 13.79 81.13 12.05 725Y) 12.49 74.68 11.24 66.80 12.04 69.57 10.59 61.69 11.49 66.11
1 - - - - 16.75 64.22 17.96 64.24 52.18 224.61 54.38 238.92 12.17 50.08 12.78 44.74
2 15525 73.21 13192 7548 13.55 83.76 14.41 83.77 12.68 69.52 12.75 68.51 38.38 163.65 67.64 253.37
3 10.43 63.46 10.85 65.02 10.27 61.76 10.64 63.30 10.53 62.43 10.89 64.78 10.12 59.62 10.33 60.81
4 14.40 72.65 13.91 61.95 12,35 53.99 112225 52.44 1557 69.82 16.21 69.73 11.88 50.21 12.05 51.14
5 11.26 70.64 12.58 78.79 9.58 56.51 10.85 61.49 997 56.42 11.34 63.99 8.64 47.89 10.51 57.89
6 14.89 84.03 20.60 12431 10.22 54.92 11.52 59.02 11.13 59.70 12.53 65.26 8.80 43.97 10.93 54.29
I 12.56 79.37 13.92 96.21 9.69 58.65 10.39 62.14 987 58.56 10.59 64.56 8.67 DIl5E) 10.03 59.60
8 14.35 86.64 14.96 87.58 12.55 72.54 12.87 73.79 12.69 71.87 13.22 74.66 12.58 69.90 12.84 72.01
9 13.47 67.21 13.27 67.35 11.77 59.87 12.29 60.73 13.43 66.82 13.96 70.09 10.42 53.21 11.41 56.50
10 11.90 71.39 12.64 70.85 10.33 57.48 11.80 63.81 10.69 62.16 11.84 66.02 10.01 5571 11.59 62.89
Avg 13.03 74.80 14.05 80.87 11.74 63.29 12.50 65.40 15189 78.97 16.34 83.28 12193 64.30 16.51 76.31
Fusion p(2.5)-OM p(2.5)-08 p(2.5)-VF p(2.5)-LM
method Glocal Conven. Glocal Conven. Glocal Conven. Glocal Conven.
seq. ATE RTE ATE RTE ATE RTE ATE RTE ATE RTE ATE RTE ATE RTE ATE RTE
0 10.72 111.24 13.30 130.19 11.55 114.97 11.99 121.32 10.86 133153 11.70 151.19 10.34 104.99 Nl 112.44
1 - - - - 14.02 135.20 16.32 144.25 56.19 260.10 57.08 263.86 10.24 102.03 11.82 108.28
2 13.06 114.68 13.33 124.12 14.39 120.58 14.83 137.33 13.26 116.40 13.23 140.94 52.73 506.54 78.58 612.53
3 10.23 91.84 LSy 99.24 9.95 90.76 10.81 98.13 I'11S 100.56 11.58 105.48 9.93 121523 10.69 126.97
4 16.62 8834 4221 124.95 14.10 76.02 17.67 77.28 31CLS; 116.78 132.84 168.40 15.98 73.79 35.49 68.67
5 922 75.66 12.71 110.25 9.84 76.72 11.12 92.02 10.94 120.93 11.50 13 b 8.33 ThlLlE) 10.62 86.39
6 10.67 75.18 16.68 130.05 10.21 75.72 11.76 83.02 12:32 84.83 12.95 94.79 922 7395 11.40 81.97
7. 10.48 84.92 1391 118.56 9.74 81.97 11.11 95.72 10.53 138.58 11.55 163.86 9.23 73.03 10.92 87.64
8 12.98 122.97 14.51 148.06 12.55 116.73 12.89 125.63 12.99 117.23 13.33 140.40 12.41 112:53: 12.70 126.92
9 11.74 86.82 13.66 120.95 11.76 84.604 12.54 97.41 13.28 99.20 1593 118.76 10.69 85.14 11.68 97.41
10 10.93 95.07 12:38 1171759 11.03 89.20 11.72 104.13 11.07 116.58 11.90 144.29 10.77 79.39 11.51 91.18

Avg. 11.67 94.67 16.40 121.80 11.74 96.59 12.98 106.93 17.61 127.70 27.40 149.37 14.53 12751 19.70 145.49

Fig. 16. Fusion results on all KITTI sequences (ATE/RTE in cm).
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Fig. 17. Qualitative results of glocal fusion (p(2.5)-LM), along with the number of glocal groups formed in each
sequence.
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6.4.2. Runtime Analysis

In this subsection, the runtime of the key modules in the glocal and conventional fusion systems is analyzed.
The results are summarized in Table 3. The statistics are obtained from all sequences, executed in MATLAB on a
desktop (CPU: Intel i9-10900K @ 3.7GHz, RAM: 32GB), and normalized with respect to the time of the conventional
fusion system for comparison. The glocal observer runs 30-40 times faster than the conventional optimization,
demonstrating its effectiveness in detecting glocal errors. Although the best—-model selection and optimization in
the glocal optimizer require approximately 1-2 times longer than conventional optimization, the optimizer is triggered
much less frequently: on average every 32.41 frames with global pose observations, and about every 60 frames with
global position observations.

As a result, the overall system achieves optimization of the entire trajectory in an online manner, while the total
runtime is approximately 7-10 times faster than the conventional approach. This efficiency arises because the
observer triggers group formation and optimization only when necessary, while otherwise performing glocal error
checks and updating the current glocal state at high speed, leading to both faster and more effective fusion than
the conventional system.

Table 3. Runtime analysis of the key modules for the glocal and conventional fusion systems
(median +2x std. deviation).

Glocal Fusion

Global obs. type T p
Glocal observer 0.031 £ 0.126 0.027 £0.171
Glocal optimizer (trig. / 32.41 fr.) (trig. / 59.28 fr.)

L best model sel. 1.950 + 1.328 1.950 +1.328

L optimization 1.061 4 1.244 1.405 + 3.757
Total runtime 0.135 0.094

Conventional Fusion

Global obs. type T p
Global alignment 0.066 4 0.063 0.034 4 0.047
optimization 1.000 £ 0.343 1.000 £ 0.653
Total runtime 1.000 1.000

*Module runtimes are normalized by the conventional fusion’s optimization runtime.
*The total runtimes are normalized by that of the conventional fusion system.

7. Conclusion

This paper presented a glocal fusion framework for robot navigation that simultaneously ensures global and local
consistency. The proposed approach analyzed the characteristics of local SLAM systems and introduced a novel
parameterization of glocal groups and states, enabling a new factor graph structure for sensor fusion. This design
prevents noisy global observations from contaminating strongly consistent local states and provides robustness to
covariance modeling through the natural separation of heterogeneous local and global factors. Furthermore, by
significantly reducing the number of optimization variables, the glocal fusion approach achieves a structure well
suited for online navigation. Based on this approach, a glocal navigation system is developed, consisting of two
core modules: a glocal observer, which rapidly detects glocal errors, and a glocal optimizer, which effectively
restores both global and local consistency.

The advantages of the proposed framework are validated through extensive experiments. Using four represen—
tative local SLAM systems and global observations with varying noise levels, outliers, and missing data, the glocal
fusion system is compared against conventional fusion systems. The results demonstrated that the proposed system
consistently preserves higher levels of both global and local consistency, and shows markedly superior performance
to conventional methods under conditions of high noise, outlier contamination, or interruptions of global observa-
tions. In addition, by reducing the number of optimization parameters and performing glocal optimization only when
necessary, the proposed system achieved highly faster performance compared to conventional systems.

The proposed glocal fusion framework can be applied to a wide range of systems that integrate global and local
observations. Future work will focus on extending this framework to tightly coupled designs that incorporate diverse
sensor modalities for enhanced robustness and performance.
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