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Abstract—In GPS-denied environments, robotic swarms
must concurrently accomplish collaborative tasks and au-
tonomous localization, a process that remains highly chal-
lenging. Existing mainstream collaborative frameworks are
generally categorized into centralized and distributed (or decen-
tralized) approaches: centralized methods often exhibit limited
robustness, while distributed or decentralized methods typically
encounter accuracy constraints. The intrinsic limitations of
these two framework types render a single architecture inade-
quate for effectively addressing complex and diverse real-world
scenarios. To address this challenge, we introduce CDC-SLAM,
an adaptive centralized—distributed collaborative SLAM frame-
work that supports flexible dual-architecture switching, thereby
enhancing scenario adaptability and enabling efficient LiDAR-
inertial collaborative state estimation. The system adaptively
selects optimization strategies according to real-time inter-robot
distances: when the swarm is relatively close, a central node
performs global centralized optimization and disseminates the
results; when dispersed, the system switches to distributed
optimization, exchanging only essential data to alleviate the
computational burden on individual robots.Meanwhile, back-
end data sharing and outlier rejection mechanisms preserve
the consistency of the global map during switching. Extensive
evaluations on public datasets demonstrate that the proposed
CDC-SLAM system delivers improved localization accuracy
and mapping performance.

IndexTerms—Distributed, Centralized, Multi-robot SLAM.

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) serves
as a core technology for real-time perception of unknown
environments, pose estimation, and map construction. Single-
robot SLAM has been extensively studied for decades,
with representative systems such as VINS-Mono (monocular
visual-inertial) [1], LIO-SAM (LiDAR-inertial) [2], ORB-
SLAM3 (multimodal) [3], and Fast-LIO2 [4], all enabling
efficient exploration. However, its low efficiency and limited
coverage in large-scale environments remain significant chal-
lenges. Consequently, multi-robot SLAM, which achieves
collaborative mapping through swarm-level information shar-
ing, has emerged as a critical research direction.
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Fig. 1: Overview of our CDC-SLAM framework, integrating
the distributed architecture (left) and the centralized architec-
ture (right) to achieve reliable and high-precision mapping
and localization.

Currently, multi-robot SLAM has emerged as a key ap-
proach for large-scale environmental exploration and map-
ping. Mainstream collaborative architectures are generally
categorized into three types: centralized [5], distributed
[6]1[71[8], and decentralized [9]. Although these frameworks
provide fundamental support for collaborative operations,
each exhibits clear limitations. Centralized architectures de-
pend on a single central node to process all data, imposing
stringent requirements on network stability and risking sys-
tem failure if the node malfunctions, thereby lacking robust-
ness. In contrast, distributed and decentralized architectures
reduce network dependence but suffer from insufficient inter-
node information exchange, difficulty in ensuring global con-
sistency, and complex algorithmic implementation—making
it challenging to balance mapping accuracy with real-time
performance.

To address the shortcomings of existing architec-
tures, this paper introduces an adaptive switching central-
ized—distributed fusion framework for multi-robot collabo-
rative SLAM, which mitigates the aforementioned issues
through switchable optimization modes. When the distance
between a robot and the designated central node becomes
large (i.e., beyond communication range), the system transi-
tions to distributed optimization, exchanging only keyframe
information among nodes within communication reach to
effectively reduce both computational and communication
overhead. When the distance falls below the threshold, cen-
tralized optimization is triggered: the central node aggregates
data from all robots, exploits global information to enable
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Fig. 2: Architecture of the CDC-SLAM system. The back-end selection is performed via a distance-triggered mechanism,
considering dg; (distance from Robot 1 to the central node) and C'Ry (communication range of the central node). The
centralized back-end uses X,,; (optimized keyframe pose) to correct the front-end.

high-precision loop closure detection and pose estimation,
and ultimately constructs a globally consistent map.

To further improve the system’s practicality and reliability,
this paper presents a pose fusion approach based on dynam-
ically scaled correction factors, which combines optimized
poses with front-end poses to produce refined poses. These
fused poses not only remain close to the ground truth but also
prevent pose discontinuities. Relative factors computed from
consecutive fused poses are then fed back to the front-end
to enable real-time pose correction.

The proposed framework has been validated on the pro-
cessed public KITTT dataset and the multi-robot collaborative
dataset S3E [10]. The main contributions are as follows:

e A collaborative LiDAR SLAM framework that adap-
tively switches between distributed and centralized col-
laboration.

o A pose fusion method based on dynamically scaled cor-
rection factors, which generates refined poses and feeds
relative factors back to the front-end for correction.

« Extensive evaluations on public datasets, covering both
accuracy and scalability, to demonstrate the system’s
effectiveness. The source code and processed datasets
are released for public access.

II. RELATED WORKS
A. Architectures of Multi-Robot SLAM

Currently, the development of multi-robot SLAM focuses
on balancing global consistency, resource overhead, and
scenario adaptability, giving rise to four mainstream collab-
orative architectures: centralized, distributed, decentralized,
and hybrid. The centralized architecture relies on a central
node for global control, where slave robots transmit complete
data, such as LiDAR point clouds, to the central node for
pose estimation and map maintenance. Techniques such as
BA [11][12] and graph optimization [13][14] achieve high
accuracy in small-to-medium-scale scenarios [15]. For exam-
ple, CCM-log-LAM [16] demonstrates a robust centralized
collaborative SLAM system. However, this architecture faces
scalability challenges: data transmission bandwidth increases
linearly with the swarm size, and a failure of the central node

can lead to complete system collapse [17][18]. In distributed
architectures, each robot maintains local computational ca-
pabilities and exchanges key constraints over limited com-
munication channels. DDF-SAM [19] first introduced this
concept using constrained factor graphs, while subsequent
approaches, such as the two-stage distributed Gauss-Seidel
method [20], further optimized aspects including privacy.
Door-SLAM and DiSCo-SLAM leverage DPGO or DFGO
to mitigate the single-point failure inherent in centralized
systems, yet ensuring global consistency remains challenging
[21]. Tian et al.’s distributed certifiably correct pose-graph
optimization [22] achieved notable breakthroughs, although
it remains highly sensitive to initial values, posing a risk of
converging to local optima under poor initialization.

The hybrid architecture, a key research focus, seeks to
combine the strengths of both centralized and distributed
paradigms to enhance scenario adaptability. For instance,
D2SLLAM [23] modulates collaboration based on the sce-
nario, yet it lacks deep integration mechanisms such as
SE(d)-synchronization-based global calibration [24], while
still ensuring consistency when robots operate in isola-
tion. Our framework dynamically switches between modes
according to the distance between robots and the central
node—employing centralized operation for near-field preci-
sion and distributed operation for far-field overhead reduc-
tion—thereby addressing the rigidity limitations of existing
architectures in adapting to diverse scenarios.

Nevertheless, despite enhanced adaptability, all three ar-
chitectures share a common bottleneck: front-end pose esti-
mates remain susceptible to disturbances, and accumulated
errors can compromise map consistency. Consequently, pose
correction strategies aimed at mitigating accumulated errors
have been extensively investigated.

B. Pose Correction

Although backend optimization in SLAM can theoreti-
cally provide high-precision pose estimates, the absence of
effective feedback to the frontend limits the exploitation of
these results and exacerbates the poor adaptability of existing
systems in complex or rigid scenarios. For instance, VINS-
Mono employs sliding-window BA for backend optimiza-
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tion to correct frontend drift, while LOAM balances high-
frequency frontend odometry with low-frequency backend
map optimization [25]; yet even these representative ap-
proaches fail to bridge the frontend-backend feedback gap. In
fact, fully harnessing high-precision optimization results has
become critical for accurate hybrid collaboration, rendering
pose correction a central focus of recent research.

Mainstream backend optimization schemes exhibit inher-
ent limitations: global BA requires offline backtracking to
replace frontend poses, often causing trajectory jumps that
contradict smooth pose transitions on the special Euclidean
manifold [26]; CCM-log-SLAM replaces poses in fixed-
interval batches, resulting in trajectory discontinuities during
aggressive robot motion; ASAPP [27] supports dynamic up-
dates but merely superimposes optimization increments with-
out a fusion mechanism, leading to trajectory fluctuations
and long-trajectory accuracy degradation in the absence of
loop closure (unresolved by current manifold optimization-
based backends). Within distributed architectures, correction
depends on inter-node constraint propagation: Door-SLAM’s
adjustments rely on neighbor graph connectivity, causing
local deviations to propagate to the frontend under lim-
ited communication, which distributed Gauss-Seidel methods
partially mitigate but cannot fully resolve in terms of privacy
and efficiency; DiSCo-SLAM does not filter constraint out-
liers, where erroneous constraints trigger multi-node frontend
pose offsets, and even certifiably correct distributed pose-
graph optimization cannot compensate for this; Isolated
robot subgroups cause intra-subgroup correction deviations,
which DDF-SAM, a constrained factor graph based fully
distributed SLAM system, does not address, and resolving
these deviations requires substantial computational resources
for reconnection alignment.

Hybrid architectures, such as D2SLLAM, aim to combine
correction benefits but lack centralized global calibration,
still depending on distributed constraint propagation—thus,
consistency cannot be ensured when robots operate in iso-
lation, even under certifiably correct distributed optimiza-
tion. Current correction methods exhibit three main limi-
tations: absence of a motion consistency model (violating
the smoothness of manifold optimization), limited scenario
robustness, and reliance on a single architectural paradigm.

To address these challenges, this paper introduces a pose-
adaptive fusion correction mechanism. By using the differ-
ence between the backend-optimized pose and the frontend
real-time pose as the primary metric, the method dynamically
adjusts the frontend’s conversion weight toward the high-
precision reference: small differences increase the weight
for rapid alignment, while large differences decrease it to
prevent overcorrection-induced jitter or trajectory rupture.
This difference-driven adaptive adjustment adheres to the
smoothness principles of manifold optimization and enables
coordinated enhancement of frontend accuracy, trajectory
continuity, and overall system robustness.

III. METHODOLOGY

The system structure is shown in Fig. 2: each robot is
assigned a unique ID. The frontend processes LiDAR/IMU
data, extracts keyframes and feature points, performs loop
closure detection, and converts information into lightweight,
rotation-invariant descriptors for backend transmission to
save bandwidth and ensure real-time performance. The
backend uses the proposed RTDOS (Range-Triggered Dual-
Optimization Switching) to select centralized or distributed
optimization: centralized mode feeds back optimized global
poses to correct the frontend; distributed mode only ex-
changes in-range data, filters noise, and selects optimal loop
closures.

A. Optimization methods

1) Centralized and Distributed Optimization Architec-
tures: The following narrative unfolds with a scenario in-
volving three robots. In a 3-robot scenario: when Robots 1
and 2 are within Robot 0’s communication range, RTDOS is-
sues a Centralized Trigger Command (Cent Trigger Cmd) to
activate the centralized framework (Fig. 3(a)). Strong short-
range signals prevent node overload. The frontend sends
keyframes to the backend, which fuses optimized and raw
keyframes to correct frontend poses. For error suppression:
the first 5 frames use a global transformation; subsequent
poses rely on adjacent relative poses (Robot 1 example: )

xpy =T %z, (1)
-1
xp=xp0 (V) - TE(k—1—k), )

Where x% is the global pose of Robot 1 at the k-th
frame, T}V is its global initial transformation, and T (k —
1 — k) is the relative transformation between adjacent
frames in the local coordinate system. The centralized archi-
tecture adopts factor graph constraints, with the prior factor
as follows:

fprior (X0i> = HXOZ' S} Xgrilor

; 3)

prior

f denotes a factor. xh, " is robot i’s prior initial pose; & rep-

resents the subtraction operation for poses (SE(3) group
differences express error transformation); Hz . is squared
Mahalanobis distance. In the centralized fraﬁ’lework, only
Robot 0 is the prior origin, others get prior initial poses
via loop-closure detection. Optimized poses approximate the
prior values, thus preventing uncontrolled drift of the global
trajectory.

Jodom (X(k—l)iaxki) = ||in S) (X(k—l)i

4
saxeom (k-1 5 )5 Y

)

S odom

Ax9%m(f — 1 — k) is radar odometer-measured relative
pose; @& represents the pose addition operation to constrain
local motion continuity.

2
1
Foop (3ciiy 15) = HX” & (o @ A ) Hz -
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Fig. 3: (a) Centralized multi-robot collaborative SLAM architecture: Robots use front-end adaptive fusion for accurate
and stable pose estimation, combined with KNN search and the keyframe descriptor database, and complete mapping
collaboratively through factor graph optimization. (b) Distributed multi-robot collaborative SLAM architecture: Each robot
builds the global map while coordinating with others via relevant modules to ensure consistency. Both architectures share the
distance-triggered dual-optimization switching mechanism, which governs the transition between centralized and distributed

modes to maintain adaptability and performance.

In the formula: xj; (robot i, k-th frame), x;; (robot j, 1-
th frame), and Axl(‘;:ip) ;) (their relative pose). This factor
ensures multi-robot global consistency, corrects long-term
errors and aligns poses via loop closure. From the constraints
of prior, odometry and loop factors, centralized optimization

builds the following nonlinear least squares problem:

i = angmin (3 [ fyior (x00) 13,

prior

+ Z Hfodom (X(k—1)i7in)‘ 2

Eodom (6)
odom

2
+ 3 fioop (ki 1)1, )

loop

This problem is efficiently solved using incremental factor
graph optimization, a Bayesian tree data structure, and an
iterative update scheme, ultimately yielding optimized poses.

Our distributed architecture is consistent with the cen-
tralized framework, using the same global descriptor
for keyframe transmission. To coordinate with central-
ized optimization data, it employs factor graph optimiza-
tion—allowing centralized data to provide good initial values
for distributed optimization, and vice versa. The distributed
framework adopts factor graph optimization, with its nonlin-
ear least squares problem summarized as:

N . 2
X = arg I)Icli? (Z prrior (XOi) ”Eprim

prior

+ Z Hfodom (X(kfl)iaxki)‘ ;mm

odom

2 (7

+ D [ fioop (ki X505,

loopimra
£ 3 Noonn ey )

100p;er

Among them, floopm is the intra-robot loop-closure fac-
tor and floopimer the inter-robot one. For communication-
constrained scenarios, a range limit is imposed: keyframe

descriptors are transmitted only when robots and their inter-
action targets are within range. As illustrated in the Range
Estimation module (Fig. 4(b)), two distance checks are
performed: one for mode switching (the system switches
to distributed mode if distance exceeds the limit, sending
mode signals to the frontend and keyframes to central-
ized optimization); the other for communication constraints
(keyframe descriptors are exchanged only when within com-
munication range).

2) Range-Triggered Dual-Optimization Switching Mecha-
nism: In summary, the centralized architecture’s global op-
timization and the distributed architecture’s communication
adaptability jointly form the foundation for handling complex
scenarios. As shown in Fig. 3, the shared Range-Triggered
Dual-Optimization Switching Mechanism is central to col-
laborative scheduling. Combined with Fig. 4, the logic is
as follows: optimization mode is determined by inter-robot
distance—centralized optimization is used within commu-
nication range with continuous updates to the global initial
transformation; if a robot is out of range, the system switches
to distributed mode, initializing the backend with the cen-
tralized global transformation.To avoid stability degradation
from frequent switching, set a post-switch delay threshold to
mask new triggers. When returning to centralized mode, the
updated global transformation is sent, local poses are unified,
and then loop closure detection and point cloud registration
are performed, enabling mutual optimization across modes
rather than a simple switch.

As shown in Fig. 4, centralized mode employs a separate
factor graph to maintain variables and produce optimized
poses and global transformations for each robot. The dis-
tributed mode not only uses this transformation to improve
efficiency but also feeds back its own to the centralized
mode, which integrates it into the global coordinate system
for subsequent processing.
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Fig. 4: Range-Triggered Dual-Optimization Switching: Centralized optimization is used when all robots are within the central
node’s range; otherwise, distributed optimization is applied. The two modes exchange global transformations — centralized
optimization supplies prior factors to distributed optimization for faster loop closure and convergence, while distributed
optimization provides initial poses to the centralized back-end to improve overall performance.

B. Robot’s local pose correction

In SLAM systems, feedback from the backend to the
frontend is crucial for accuracy, and multi-robot SLAM relies
on it to reduce errors. However, direct strong constraints in
some systems can lead to over-constraint, so existing studies
[28][29] introduce Dynamic Adjustment Factors to mitigate
this issue.

Motivated by single-robot backend correction logic, which
enhances single-robot accuracy, this paper proposes a pose
fusion method using dynamic adjustment factors to correct
frontend poses via relative factors. The first-step formula of
the method is given as follows:

diftoe(h) = [ (R)) " (o =), ®

diffyoq (k) = Hrpy ((rRH" - RE) H2 ©)

Here, we use R to represent the rotation matrix of the pose,
and & = [z y 2]” to denote the position vector. 12 and & rep-
resent the pose rotation matrix and position vector that have
not been optimized by the back-end, while Rand & represent
the rotation matrix and position vector optimized by the
centralized back-end.z and R’ represent the local position
vector and rotation matrix of the k-th frame. By feeding back
the pose optimized by the centralized method to the front-
end, we calculate the pose difference between two frames
with the corresponding pose of the front-end.

PO%maz_ it diff,o, (k) > posman
posescale;, = { diffpos(k) , (10)

1, otherwise

T0lmax

JOmaz S diffo (k) > 70tmas
rotscaley, = { diffo (%) e (F) , (1

1, otherwise

In the above equations, PoS;,q, and 7rot,,., are prede-
fined thresholds, adjusted according to the strength of

environmental changes, where stronger variations lead to
smaller thresholds to suppress excessive corrections. By
comparing the calculated differences with these thresh-
olds, posescale; and rotscale; represent the magnitudes of
the translation scaling factor and rotation scaling factor for
the k-th frame. )y is the finally determined scaling factor,
which selects the minimum of the two factors as the scaling
ratio. This helps control the smoothness of pose fusion and
prevents pose jumps.

f = arccos (Re (q% o q%)) , (12)
Y (xg - x,g) : (13)
7 _ (g sl A0 g sin[d 6]
= (qk sin 6 + i sing ’ (14

gt and zL represent the local position and quaternion of
the k-th frame after fusion. Among them, g% and ¢l are the
unoptimized and optimized pose quaternions converted from
rotation matrices. 6 is the spherical angle between the unop-

timized quaternion and the optimized quaternion. qt denotes
the conjugate quaternion of g%, where Re(-) represents the
operation of taking the real part of a quaternion, and o stands
for the quaternion multiplication. The final fused position is
obtained by adding the unoptimized position to the product
of the scaling ratio and the position difference. For the
pose, a new fused pose is generated through spherical linear
interpolation (slerp) of quaternions. Compared with the local
pose corresponding to the front-end, this fused pose is
closer to the optimized pose, thus solving issues such as
IMU reset caused by excessively large pose jumps between
consecutive frames. As shown in Fig. 5, the frontend fuses
multiple measurement data within the factor graph opti-
mization framework, including the LiDAR odometry factor,
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Fig. 5: The Consolidated-Fusion Factor is formed by fusing
the optimized LiDAR scan with the corresponding front-end
frame and then integrating it with IMU and LiDAR factors. It
optimizes subsequent robot states and provides initial poses
for distributed and centralized SLAM.

the IMU factor, and the Consolidated-Fusion factor. This is
formulated as a nonlinear least squares (NLS) problem:

x = argmin (3 I fiaull” + D 1 fimall”

lidar imu
2
+ >l )
cf

Here, “lidar” and “imu” denote all LIDAR and IMU odom-
etry, respectively. The relative transformation is computed
from the fused poses of the previous and next frames and
inserted as a new relative factor into the corresponding
frontend graph node. It is jointly optimized with the original
frontend LiDAR odometry, IMU, and loop closure factors to
determine the next frame pose, thus correcting the frontend
using the backend-optimized pose and enhancing system
accuracy. In the experiments, factor graph optimization is
employed to realize multi-source factor fusion.

IV. EXPERIMENTS

This chapter evaluates the performance and accuracy of
the proposed CDC-SLAM system across multiple scenarios,
with comparisons to other state-of-the-art SLAM methods.
All experiments are performed on a workstation with an
Intel® Xeon E5-2620 v4 CPU, an NVIDIA TITAN Xp GPU,
and 125.8 GiB of RAM. The experimental datasets include
processed KITTI sequences and the public S3E dataset.

15)

A. Implementation

The proposed CDC-SLAM integrates dual frameworks
and multiple libraries, with ROS1 as middleware, and is
implemented in C++ on Ubuntu 20.04 LTS. Its frontend
adopts LIO-SAM, a mature LiDAR-based open-source front-
end, and leverages the ICP [30] algorithm along with k-
nearest neighbor search provided by the libnabo library.
DiSCo-SLAM is used as the baseline for the distributed
system; it supports multi-node scheduling, offers good com-
patibility and scalability, and ensures configuration con-
sistency between distributed and centralized optimization.

Within DiSCo-SLAM, IRIS [31] replaces Scan Context [32]
for efficient loop detection, and PCM is employed to filter
out erroneous loop closures, improving overall mapping
accuracy.

B. Experimental Design

We selected KITTI sequences 05, 06, 07, and 09, cropping
each into three trajectories with overlapping start and end
regions, and time-shifting them for simultaneous playback.
These sequences were chosen to generate diverse loop tra-
jectories with ground truth for full system evaluation: Seq.
5 contains overlapping straight segments, Seq. 9 overlapping
curves, and Seqs. 67 full loops. Additionally, various tra-
jectories from the S3E dataset, including concentric circles,
intersecting curves, and rays, were used to validate the
system’s adaptability and robustness across motion patterns.
Dataset details are provided in Table I.

TABLE 1I: Details of S3E and KITTI Datasets

Trajectory Length [m]

Datasets Sensor Size [GB]
a B Y
Library_1 LVI 507.6 5172 4989 17.5
Dormitory_1 LVI 727.0 7193 721.9 253
i Playground_1 1VI 407.7 4256 4454 94
& Playground 2 LVI 265.6 3157  456.4 6.7
Square_1 LVI 546.6  496.5 529.2 10.1
Square 2 LVI 304.6  250.5 246.4 10.1
Tunnel_1 LVI 522.0 5024  501.1 8.2
. Seq. 5 LI 4877  493.0 1070.8 8.8
E Seq. 6 LI 3859 4720  766.1 4.5
g Seq. 7 LI 300.2 328.0 426.3 4.3
Seq. 9 LI 5477 6455 973.4 5.9

LVI indicates LiDAR-Visual-Inertial and LI indicates LiDAR-Inertial.

For evaluation, we employ Absolute Trajectory Error
(ATE) and Relative Pose Error (RPE) as metrics. The perfor-
mance of our proposed system is compared against state-of-
the-art SLAM methods, including LIO-SAM, DiSCo-SLAM,
and two variants of our system: those with and without local
pose correction.

C. Evaluation on S3E Dataset

In this section, we evaluate our system on the S3E
outdoor dataset using two key metrics: Absolute Trajectory
Error (ATE) and Relative Pose Error (RPE), where RPE
measures local consistency. As shown in Table II, our system
achieves notable improvements across multiple scenarios
(Dormitory_1, Playground_1, Tunnel_1), maintaining high
trajectory accuracy even when other methods fail in critical
initialization or real-time tracking.

Table II reports the ATE between the estimated trajectories
and ground truth. Our system (Ours (corrected)) achieves
lower errors than other methods across various sequences,
highlighting its advantage in global trajectory accuracy.
Combined with the RPE results in Table III, it also exhibits
superior local rotation and pose consistency, maintaining
stable tracking in both regular and complex sequences. This
is attributed to multi-robot loop closure optimization, where
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TABLE II: ATE [m] on S3E outdoor datasets. Failed indicates that the system cannot be initialized or track frames.

Methods Library_1 Dormitory_1 Playground_1 Playground_2 Square_1 Square_2 Tunnel_1

a B i a B v a B 7« B gl a B v B v a B i
LIO-SAM 1.20 212 139 082 171 070 064 085 077 - 2.80 070 131 6.41 0.70 071 1.19 403 400 3.65
DiSCo-SLAM 144 173 145 077 096 092 048 059 0.67 - Failed 071 135 Failed 0.82 075 049 409 440 371
Ours (uncorrected) 1.63 1.75 141 063 1.64 093 050 070 0.69 - Failed 083 134 Failed 0.79 070 0.88 4.04 401 3.65
Ours (corrected) 114 164 134 058 150 089 046 0.66 0.65 - 0.95 0.78 1.28 1.36 0.79 073 045 4.02 360 3.55

TABLE III: RPE [m] on and

S3E outdoor datasets. Failed indicates that the system cannot be

initialized or track frames.

Methods Library_1 Dormitory_1 Playground_1 Playground_2 Square_1 Square_2 Tunnel-1
a B v a B i a B Yy «a B i a B v B Y a B v
LIO-SAM 269 382 328 123 083 690 227 226 234 - 243 321 453 1.56 10.17 1.58 1.60 012 0.13 0.14
DiSCo-SLAM 255 393 326 110 074 694 215 225 248 - Failed 320 452 Failed 10.14 1.59 158 013 011 0.15
Ours (uncorrected) 2.67 392 324 123 072 694 216 226 235 - Failed 3.19 448 Failed 10.12 1.57 1.67 0.13 0.14 0.14
Ours (corrected) 2,63 379 331 120 0.69 693 210 227 229 - 2.44 316 452 1.61 10.16 1.58 152 0.14 0.14 0.12
TABLE IV: ATE and RPE of the KITTI Odometry Se- w0 % Origin« LI0_-SAM
uences N\ ‘ / Ours(uncorrected)
q AN
ol DisCo
S Method ATE [m] RPE [m] ,:’, / / Ours(corrected)
€q. ethods Y/ ===~ Ground Truth
«@ B Y @ B ol 300 -] !,:,’“ l!/‘\ﬁ:orrection Comparsion Switching Moment|
LIO-SAM 134 - 086 005 - 0.13 L— N
Seq. 5 DiSCo-SLAM 2.64 - 0.13 0.14 - 0.12
Ours (uncorrected)  1.38 - 090  0.07 - 0.11 0
Ours (corrected) 0.86 - 0.94 0.06 - 0.12
E
LIO-SAM 1584 223 2180 1.61 1.73 2.94 > 2007 o
Seq. 6  DiSCo-SLAM 2690 579 Failed 1.74 176 Failed Orlng )
Ours (uncorrected) 16.12  1.96 20.92 1.67 1.73 3.18 (' ,K_
Ours (corrected) 1732 193 1914 172 171 423 1507 b
LIO-SAM 041 043 0.53 0.06  0.04 0.05
Seq. 7 DiSCo-SLAM 040 0.78 0.59 0.06 0.09 1.10 1007
Ours (uncorrected)  0.41 0.79 0.55 0.05 0.07 0.05
Ours (corrected) 0.42 0.42 0.54 0.04 0.05 0.06 7
50 - (
LIO-SAM 176 280  9.54 004 0.6 042 L
Seq. 9  DiSCo-SLAM 225 177 263 009 006 007 Robot a-B Loop Closed (1 originy
Ours (uncorrected) 1.73 1.74 5.69 0.03 0.10 0.28 0 : : I N 4
Ours (corrected) 1.72 132 2.44 0.03 0.03 0.04 ° 100 w0 (m) 300 400

optimized poses provide real-time corrections to frontend po-
sitions, ensuring accurate local tracking and better alignment
with ground truth.

To further illustrate these advantages, Fig. 6 presents the
results on the “Dormitory sequence.” The compared systems
include CDC-SLAM (Ours (corrected), Ours (uncorrected)),
LIO-SAM, and DiSCo-SLAM. Ours (corrected) aligns most
closely with ground truth, maintaining stable trajectories
without noticeable drift. By contrast, LIO-SAM and DiSCo-
SLAM show larger deviations, especially at abrupt scene
transitions and sharp turns, highlighting the robustness of
our correction mechanism.

Notably, LIO-SAM shows greater drift in the first half of
the sequence. The star markers in Fig. 6 indicate moments
when our system switches between centralized and dis-
tributed modes. At loop closure positions, Ours (corrected)
aligns best with the true loop-closing poses. The “Correc-
tion Comparison” section further shows that our correction
improves both trajectory accuracy and global consistency,
demonstrating the effectiveness of our adaptive mechanism
in preserving local and global trajectory fidelity.

In summary, using S3E’s ATE/RPE metrics (Tables II,
IIl) and Fig. 6’s visualization, our CDC-SLAM shows

Fig. 6: Trajectory comparison of each system against the
ground truth on the Dormitory sequence of the S3E dataset,
where curves of different colors or styles denote the respec-
tive systems; the star markers indicate the points at which
the optimization mode switches.

better accuracy, consistency and reliability. It stays stable
in tricky scenarios (e.g., transitions, sharp turns) where
LIO-SAM/DisCo-SLAM fail, proving robustness for outdoor
multi-robot SLAM.

D. Evaluation on KITTI Dataset

We further validated the advantages of our system on
the KITTI dataset, which comprises diverse urban driving
scenarios. This dataset contains loop closure situations of
varying complexity, and as presented in Table IV, our sys-
tem maintains consistent accuracy across multiple sequences
(e.g., Seq. 6, Seq. 9), demonstrating reliable long-term
trajectory estimation. These results illustrate the system’s
robust adaptability and resilience in urban environments,
where effective loop closure detection and precise correction
are critical for ensuring trajectory stability over extended
distances. Furthermore, the proposed system can handle chal-
lenging maneuvers, sharp turns, and complex intersections
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without significant drift.

In summary, KITTI dataset experiments further confirm
our CDC-SLAM’s strengths: it maintains consistent long-
term trajectory accuracy across diverse urban sequences,
handling complex loop closures, turns, and intersections
without major drift. Its effective loop detection and real-time
correction ensure reliability for extended urban multi-robot
SLAM, showing strong adaptability to dynamic cities.

V. CONCLUSIONS

This paper presents a range-triggered centralized-
distributed collaborative LiIDAR SLAM framework, named
CDC-SLAM, designed for multi-robot teams to adaptively
switch optimization modes and perform collaborative map-
ping in unknown environments. The system integrates
two core mechanisms: Range-Triggered Dual-Optimization
Switching and an adaptive fusion mechanism. Experimental
results on both urban and campus environment datasets
demonstrate that the framework achieves high accuracy and
strong robustness. For future work, we plan to enhance the
system’s scalability—for example, enabling the selection of
different front-ends and lightweight descriptors according to
environmental conditions. In addition, we aim to develop
more advanced methods to improve the system’s resilience
against incorrect loop closures and its ability to provide
accurate initial poses.
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