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Abstract— Multi-agent collaborative Simultaneous
Localization and Mapping (SLAM) is an effective
way for large-scale mapping. However, this approach,
which relies on Visual-Inertial Odometry(VIO) as
input, suffers from limitations such as susceptibility
to environmental influences and the difficulty in accu-
rately constructing dense 3D maps. To address these
challenges, this paper presents Multi-Estimation Ro-
bust SLAM System (MERSYS), a novel framework
for three-dimensional dense mapping based on the
fusion of Lidar-Inertial Odometry(LIO) and VIO.
Benefiting from lower communication’s costs and
dense information acquisition capability, the proposed
framework aims to achieve compatibility in processing
both LIO and VIO inputs, establish joint loop closure
detection to enable multi-map fusion, and then create
a comprehensive global 3D dense point cloud map.
Furthermore, an efficient communication strategy has
been proposed to enable bidirectional transmission of
dense and voluminous data. Experimental evaluations
conducted on the publicly available HILTI SLAM
2021 dataset[10] as well as a real world dataset. Ex-
perimental results show that MERSYS achieves bet-
ter results than state-of-the-art methods. The source
code is available on the GitHub'.

I. INTRODUCTION

With the rapid advancement and widespread adop-
tion of technologies such as autonomous driving and
virtual reality, SLAM techniques have also experienced
significant growth[11]. Presently, SLAM techniques have
matured significantly for single unmanned vehicles and
drones[5]. However, as SLAM technology is now being
applied to larger and more complex tasks such as map
generation, virtual reality, and wilderness search and
rescue[8], there is a growing need for SLAM systems
to support long-term mapping and the participation of
multiple agents[2]. These requirements call for the design
of a SLAM framework that encompasses communication
between front-end and back-end components, compati-
bility with various sensor data, and the capability to fuse
maps from multiple agents into a global map.

In map generation[20], individual unmanned drones
or vehicles face challenges such as battery life, mapping
efficiency, communication range limitations and sensor
limitation. While recent works have mostly focused on
achieving excellent results in specific scenarios, more
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Fig. 1: We introduce MERSYS, a multi-agent SLAM
framework compatible with both LIO and VIO.

practical scenarios demand a versatile SLAM frame-
work. This framework should address the aforementioned
challenges while maintaining the ability to rapidly and
accurately mapping[19].

MERSYS provides a novel, versatile, open-source plat-
form that supports collaborative mapping with multiple
agents and various input types. It integrates LIO and
VIO input to simultaneously process and create dense
3D point cloud maps with RGB color information. Abun-
dant environmental data supports more complex tasks
in the future, such as object detection and dynamic
object recognition. Furthermore, through the utilization
of temporal and structural semantic features of dense
data to optimize communication strategies, MERSYS
attains real-time transmission and processing capabili-
ties. Most notably, it leverages maps from heterogeneous
agents, employing either LIO or VIO, to achieve fusion
and optimization, thereby generating a global map. The
refined data is subsequently fed back to the agents to
rectify their respective local localization.

The contributions of this work can be summarized as
follows:

e Introduction of an open-source, versatile, multi-
robot localization and mapping framework compat-
ible with LIO and VIO, capable of processing and
fusing various types of input on the server.

e Implementation of loop detection between different
devices and sensors to correct trajectory drift and
improve localization and mapping accuracy.

e Creation of a 3D dense RGB point cloud map,
providing scenes with realistic geometric shapes,
rich textures, and colors, thereby supporting more
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complex tasks in the future.

e An optimized transmission strategy has been de-
vised, capitalizing on the temporal and structural
semantics of dense data. This strategy facilitates
real-time transmission and processing of substantial
data volumes.

II. RELATED WORK

In 1986, Hugh Durrant-Whyte and John J. Leonard
[16]introduced a probabilistic approach to robot lo-
calization and mapping and this approach is now
what we call SLAM. Recent efforts have primar-
ily focused on single-robot mapping,which can cat-
egorize into three types based on the sensor types
used: LIDAR-Inertial Odometry-based, Visual-Inertial
Odometry-based, and LIDAR-Visual-Inertial Odometry-
based. LOAM][31], FASTLIO[29], [28], and LEGO-
LOAM]26] use LIDAR and IMU to access environmental
information, while camera and IMU-based works often
use the ORBSLAM series[3] and VINS[21]. In recent
years, some new methods are based on LIDAR-Visual-
Inertial Odometry such as LVI-SAM[27] which integrate
more sensor information to achieve better result. How-
ever, these single-robot systems, when applied in practi-
cal scenarios like large-scale mapping, lack competitive-
ness in terms of efficiency and performance compared to
multi-robot systems like MERSYS.

Frameworks like COVINS[25], maplab2.0[6] and
Swarm-Slam([15] are based on VIO for multi-robot appli-
cations. For instance, COVINS can receive inputs from
various VIO front-ends and build a global map in the
server back-end. Maplab2.0 uses semantic information
to optimize relative pose errors. However, multi-robot
frameworks are primarily designed for outdoor applica-
tions, where image information from cameras can be
easily affected by environmental factors such as light
condition. In addition, these methods all struggle to
create dense map. In contrast, laser scanners are less
affected, making LIO-based methods more robust and
suitable for practical applications.

RaLI-Multi[12] is a distance-assisted laser-inertial
multi-vehicle mapping system that designs a multi-
metric weighted radar-inertial odometry. It receives local
maps from each vehicle and measurements of distances
between vehicles to optimize the global map. This fusion
method is limited to situations where multiple front-ends
are within each other’s laser scanner range. It is a coarse
map fusion method that lacks vector information and
cannot perform inter-robot pose optimization.

Our approach, on the other hand, identifies simi-
lar scenes between different robot maps through loop
closure detection. It stitches two local maps together
by calculating a transformation matrix. This approach
removes temporal and spatial consistency constraints,
enhancing system flexibility. It also provides a more
accurate transformation matrix, improving map fusion
accuracy. Additionally, MERSYS builds 3D dense point

TABLE I: Compare with state-of-the-art framworks.(LC:
Loop Closure; EXT:External source; OPT:Optimization)
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cloud maps with RGB colors and implements loop closure
detection between 3D point clouds and RGB images.
This allows the image information from one robot to
be applied to the colored point cloud of another robot
connected through loop closure, enriching the map with
textures and color information. This robust foundation
supports more complex tasks. Moreover, considering the
challenges of transmitting such vast amounts of infor-
mation in practical applications, we have improved the
communication module to establish stable communica-
tion between the front-end and back-end.

In summary, MERSYS is an universal SLAM frame-
work designed to address the challenges of multi-robot
collaborative mapping in practical applications. It is
compatible with VIO and LIO front-ends, supporting a
wider range of sensors. It enhances localization, mapping
capabilities, and robustness compared to previous frame-
works.

III. THE MERSYS FRAMSWORK

A. System Overview

As illustrated in Fig. 2, on the left side, the front-end
comprises multiple LIO-based and VIO-based agents,
each capable of running independently and building
its own local map. Between these two ends, MERSYS
utilizes peer-to-peer data frame transmission, including
point clouds and RGB images with odometer informa-
tion.

Next comes the critical aspect of multi-map fusion:
place recognition. This module is mainly divided into two
parts: loop closure detection between LIDAR frames and
between LIDAR and RGB camera frames.For LiDAR
point clouds, the feature matrix of the point cloud is
extracted and combined with kd-tree for two rounds of
comparison. The similarity of the comparison determines
whether it is a loop relationship, greatly improving the
efficiency of loop detection.The second part involves loop
closure detection between LIDAR and RGB images.In
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Fig. 2: Overview of the MERSYS framework and its main components

our method, we project the 3D point cloud onto the
image plane and backproject it to calculate residuals,
iteratively minimizing the mapping residuals using the
Levenberg Marquardt algorithm|[18] and Ceres Solver[1].
Lastly, trajectory optimization is conducted, and pri-
marily, the optimization of inter-frame and inter-map
constraint relations is achieved through Pose-Graph Op-
timization (PGO) [7], [13] . At the same time, the
removal of erroneous or redundant constraint relations
is performed using the Random Sample Consensus
(RANSAC)[4] technique. After these processes, local
maps (mapl, map2, map3) shown in the Fig. 2 are
merged into a global map.
B. Front-end Input

This pipeline utilizes a fundamental front-end compo-
nent to furnish it with essential keyframe generation and
local odometry. These inputs are then generalized and
transmitted to the backend.

To evaluate the performance of MERSYS, in the
experiments presented in this paper, we employ
FASTLIO2[28] and VINS|21] as the LIO and VIO front-
ends on the robot side.

C. Bidirectional Communication

In the context of multi-agent large-scale mapping,
a set of asymmetric communication schemes has been
developed to mitigate the impact of delay and band-
width. In the front-end to back-end communication of
MERSYS, redundant data transmission is avoided by
considering the similarity between adjacent keyframes.
Additionally, data downsampling is performed based on
network conditions to ensure efficient communication.

Furthermore, by exploiting the structured scene blocks
present in the point cloud, region growth, primarily fo-
cused on planes, is accomplished through the integration
of spatial and point cloud intensity information with
reconstructed normals. The resultant transmitted infor-
mation comprises a serialized hybrid point cloud that

encompasses both the positional and edge description
details of planes, as well as the remaining scattered
points. This approach significantly enhances transmis-
sion efficiency.

Regarding the back-end to front-end transmission,
MERSYS incorporates drift correction to guide the op-
timization of local maps for each agent based on the
fused global map. This correction process helps refine
subsequent local process information.

D. Place Recognition

The solid-state LIDAR utilized in this study different
from conventional mechanical LIDAR by its narrower
field of view (FOV), which imposes limitations on the
applicability of conventional LCD methods. However, it
offers a significantly lower price.

To detect similar positions within multi-agent data
and establish constraint relationships among the local
maps of them, our proposed framework incorporates two
loop detection’s forms: LIO-to-LIO detection and LIO-
to-VIO detection. Notably, this framework does not rely
on prior pose information such as GNSS.

1) Loop Detection Between LIDAR Frames:

Due to the significant number of keyframes generated
by multiple robots, a two-step search approach has been
implemented in this work to enhance performance. Ini-
tially, a lightweight coarse search is conducted to identify
candidate keyframes, followed by a high-precision search
to find the most similar one. Subsequently, this keyframe
is extracted and passed to the Iterative Closest Point
(ICP)[23] algorithm to compute accurate transformation
relationships.

The two-step search approach in this study draws
inspiration from [14]. It operates in the robot coordinate
system and encodes the observed point cloud data into
a 2D matrix with reduced search cost, while preserving
its detection specificity and rotational invariance. The
construction of the 2D matrix involves dividing the polar
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Algorithm 1: Place recognition

Input: client id: i,, query frame: f;, query
frame’s local position: T,
Output: match map id: i,,, relative pose transfer
matrix: T'

Save f, to the database with id 44

if f; is a solid-state lidar frame then

1. fg -> 2D matrix my, mye, and save;

2. The rough matrix queries a k-d tree ->

quasi-candidate frames;
5 3. Fine matching with the higher precision
matrices ->candidate frames & similarity.;

Ise if f; is a RGB image frame then
1. fq edge information -> 2D matrix and save.;
2. Two step matching -> candidate frames &

AW N

)

similarity:.;
o if similarity > threshold then
10 1. Calculate T' (ICP or iterative projection

and backprojection) ;
11 2. Get the best i, and T ;

12 return i,, and T’
13 else
14 | return;

coordinates into grids with equal intervals in terms of
angle and distance, centered around the robot. The Z-
axis height of the highest point observed within each
corresponding grid is assigned to that grid. Two 2D
matrices are generated based on different grid sizes.
The larger grid matrix is employed for coarse matching,
utilizing a kd-tree[9] to efficiently filter out groups of
candidate keyframes that approximately satisfy the over-
all contour of the query point cloud. Subsequently, the
corresponding smaller grid matrix groups are extracted
for fine matching.

In the fine matching phase, to assess the similarity
between the query matrix M? and the candidate matrix
M¢€, the presence of column offsets caused by different
viewpoints within the same scene makes it challenging
to accurately calculate the similarity between the two
matrices. Therefore, a preprocessing step is performed
to mitigate this issue. Firstly, the column means of the
matrices are computed, resulting in two one-dimensional
matrices. These one-dimensional matrices are then com-
pared through a sliding window approach to identify the
column offset that minimizes the difference between the
two matrices. Subsequently, this determined column off-
set is incorporated into the following formula to calculate

the similarity:
q Cq
(1)
WWWH

MAPJWC——N_§:<

Here, N, represents the number of rows in the matrices,
c‘;- and ¢j denote the column vectors of the two matrices
after applying the column offset. The similarity score

between two column vectors is computed by taking the

dot product of the column vectors and dividing it by
the product of their magnitudes. By calculating the sim-
ilarity score for all column vectors, the overall similarity
between the two matrices can be obtained. Finally, a
selection is made from the set of candidate keyframe
groups, choosing several frames with the highest simi-
larity scores to form the candidate keyframe group.
After obtaining a set of reliable candidate keyframes,
the original point cloud data is extracted from these
frames. Subsequently, the ICP[23] is applied to align the
extracted point cloud with the query point cloud. The
ICP aims to find the transformation (rotation and trans-
lation) that minimizes the distance between correspond-
ing points from the two point clouds. The mathematical
formulation of the ICP can be expressed as follows:

1 n
== lai -
n
=1

where n represents the number of nearest neighbor point
pairs, p; denotes a point from the target point cloud P,
and ¢; represents the closest point in the source point
cloud @ corresponding to p;. The rotation matrix is
denoted by R, and t represents the translation vector.

If the obtained transformation matrix exhibits a suf-
ficiently high level of confidence in its feasibility, it is
saved and passed on to the Map Manager.

2) Loop Detection Between LIDAR Frame and Image

Frame
Pomt clouds and images are two different modalities

that cannot be directly compared to compute the trans-
formation matrix between them. Additionally, to con-
serve computational resources, we first utilize the bag-of-
words approach from the previous section to reduce the
number of candidates for comparison. Subsequently, we
refer to [17] and [30] for the next stage of comparison.
According to solid-state LiDAR, the FOV of a single-
frame LiDAR point cloud is similar to that of camera
images. Therefore, scale variation issues during the pro-
jection process are not significant. The 3D LiDAR points
are projected onto the plane of the image using [24],
and the LiDAR’s pose is optimized using LIDAR Bundle
Adjustment (BA) to reduce pose drift. In this context,
calibration residuals between visual points and the Li-
DAR plane are introduced to assess their relationship.
The following formula is used for this purpose:

(Rpi +t)[|” (2)

6

LTjZMI¥5j+gt 4oL, (3)

whereL'ipjgt = ’RC bt s ™ N(03X1, Yrp;) (4)
ELmj:CYRZép R” 5)

)

(
indt o) —
n;(“pd" —q;;) = 0. (
For each feature point ij, its projected point Lipj on
the LiDAR plane is determined by the transformation
matrix T ¢, which is obtained from the SE(3) transfor-

mation from the first camera frame to the i-th LiDAR
frame, given as “*TC = (CFiR, C*it). Considering that
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Cpj is subject to Gaussian noise, it can be expressed as
Cpj = “pj9t+6Cpj, where ©pj9t represents the ground-
truth position and 0, ~ N(03x1, Zcpj) represents the
uncertainty.

By combining the equations and employing maxi-
mum likelihood estimation (MLE), the residuals between
points and planes can be derived using the following
equation:

pP_ 1 Z (nf;("'p; — ayy))? o

T
n . S 1 P
(i,5)eVF ij Lipj g

If the residual value exceeds a predefined threshold, the
feature point is considered to be associated with the
corresponding LiDAR plane. Subsequently, the feature
points are reprojected back onto the image, and the re-
projection residuals are computed. The process is similar
to point-to-plane projection, and the specific formula for
the final calculation is as follows:

> (ki — %) "2 (xi — %)) (8)

(i,5)evY

EV =2

Finally, by combining the two residuals and utilizing the
Levenberg-Marquardt algorithm with the Ceres Solver,
the transformation matrix between camera frames and
LiDAR frames is obtained, and it is subsequently passed
to the map fusion module.

E. Map Alignment and Optimization

1) Map Fusion Process:
In the map fusion module, after obtaining the pose corre-
spondences between different agents, a RANSAC-based
approach [4] is initially employed to remove outlier data.
Subsequently, for agents equipped with LIO, a factor
graph optimization is applied to refine their poses in
the global map. This optimization process is further used
to continuously propagate and correct drift errors from
previous frames within the factor graph. For agents with
VIO, upon establishing associations with other agents
through loop closures, a similar optimization process
is conducted. In addition, local point cloud frames as-
sociated with RGB keyframes are identified, and color
information is propagated by mapping images reproject
to point clouds, achieving RGB map.
2) PGO:

In order to make full use of the overconstrained or
indirect constraint relationships between these sub maps,
the map alignment module integrates PGO [7], [13]
to estimate the attitude relationships between maps as
accurately as possible. The formula used is as follows:

. 1 2
() :argméHEZHhi(@i)—ziHZi 9)

O represents the set of map positions. |h;(0;) — z;| rep-
resents the residual between the measurements obtained
from Sec. III-D and the prior pose. Meanwhile, >, is
used to denote the information matrix for the relative

pose constraints.

IV. EXPERIMENTS AND DISCUSSIONS

We evaluate our framework by localizing and mapping
multiple ground vehicles as shown in Fig. 4 in refer-
ence maps for both the Hilti SLAM Dataset 2021[10]
and a customized dataset named YX. Our pipeline is
implemented in C++, compatible with ROS [22] and
runs in real-time on an Intel i5 CPU with 64 GB of
RAM on the backend and AMD R7 NUC on the agents.
The front end is equipped with Livox Avia, Hikvision
Industrial Camera.To capture ground truth data, we use
RTK sensors for outdoor environments and the NOKOV
motion capture system for indoor environments.

The Hilti SLAM dataset 2021 is mainly used to
demonstrate the ability of pipelines to locate vehicles
in challenging environments, their robustness in scene
recognition from different viewpoints, and accuracy com-
pared to other methods. This customized multi-agent
dataset is recorded in a community located in Shenzhen,
China, as well as on the ground floor of a office building
at our university, and conducted real-world experiments.
And the main experiment objectives for this dataset are
to showcase the pipeline’ s ability to handle and align
reference maps created from more unmanned devices,
compatibility with different scenarios, and its efficiency
in mapping large scenes.

The community presents a highly complex and ex-
tensive environment, characterized by uneven terrain,
various buildings, trees, extensive shrubbery, and dy-
namic elements such as pedestrians and vehicles, which
continuously challenge the solution’s self-localization ca-
pabilities and its ability to collect environmental data
for mapping in the presence of strong interference. Ad-
ditionally, in indoor environment where GNSS signals
cannot be received, and where scene details are richer and
more diverse, the challenge of constructing dense maps
becomes even greater. Furthermore, we captured outdoor
environmental datasets during nighttime to evaluate the
mapping performance of LIO and VIO in environments
with significant changes in lighting conditions.

A. Single-Agent Mapping

The Table.Il demonstrates the superior positioning
accuracy of MERSYS. By evaluating its performance
on the Hilti dataset, MERSYS exhibits significantly im-
proved positioning accuracy compared to existing state-
of-the-art algorithms. Furthermore, when applied to col-
laborative mapping scenarios involving multiple ground
platforms, MERSY'S outperforms other methods in terms
of map fusion, yielding more favorable outcomes.

B. Outdoor Multi-Agent Mapping

During outdoor environment recording, we employed
three unmanned vehicles that initiated motion from
random locations within the community. Each vehicle
operated independently for a certain duration, with some
overlap in trajectories. The total length of these three
trajectories was 2350 meters. As shown in the left side
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Fig. 3: In the context of real-world community scenarios, a global top-down map was constructed by amalgamating
the local trajectories of three robots. The blue trajectory line represents clientl, the yellow one represents client2,

and the purple one represents client3.

TABLE II: The Root Mean Squared Error (RMSE) of the Absolute Position Error (APE) is used to compare the multi-machine
and single-machine algorithms. The MERSYS employs FASTLIO 2[28] as its front-end. X: unable to process multi-agent
mapping. S: single agent Mp,m: multi-agent with a quantity of num. I: indoor.O: outdoor.

Single Client MULTTI Client
Hilti Basement 4 | Hilti Construction Site 2 Hilti Campus 2 | YX SO YX MoI | YX M3O | YX M3O-night
MERSYS 0.04 0.07 0.08 0.19 0.06 0.24 0.20
COVINS-G 0.37 0.34 0.28 1.26 0.38 0.33 2.77
Maplab2.0 0.12 0.19 0.18 0.89 0.22 0.17 1.65
FASTLIO 2 0.04 0.07 0.08 0.06 X X X
ORB-SLAM3 1.71 2.77 2.24 1.43 X X X

Fig. 4: Unmanned ground vehicles with experimental
devices and the real-world test in night

Fig. 5: This is the global map for outdoor mapping.
On the left, the image shows the initial map when the
robots have just started moving. Since the robots haven’t
acquired global poses yet, all three sub maps are overlaid.
On the right, the image depicts the scenario when loop
closure occurs between clientl and client2. The red line
indicates the loop closure frames detected by both clients

of Fig. 5, initially, each robot establishes a local co-
ordinate system with its starting point as the origin.
Consequently, the back-end receives data from the three
front-ends, each mapping their surroundings with their
respective starting points as origins. Thus, at this stage,

the global map is characterized by disorder and inac-
curacies. However, when a inter-agent loop closure was
detected between clientl and client2, indicated by the
red line in the right side of Fig.5, the algorithm described
in Sec.III-D was utilized to compute the transformation
matrix Ty between two frames and then obtain the
transformation matrix 775 between the two maps. With
this key information, the server established constraints
between this two clients and optimized its own trajectory.
After optimization, the server fused these two sub maps
of the global map based on the new transformation and
corrected trajectories.

Subsequently, when a new inter-agent loop closure
occurred between client2 and client3, yielding the trans-
formation matrix T between them, and using the factor
graph optimization algorithm based on the connection
between clientl and client2, constraints between client1
and client3 were determined. This increased the number
of constraints and improved trajectory correction. Ac-
cording to the data in Table.Il and III, the average APE
of MERSYS stands at only 0.19 meters, with an average
bandwidth of 772.62 KB/s. These metrics exemplify its
remarkable robustness in complex environments, precise
localization capabilities, and its ability to consistently
construct dense point cloud maps in such large-scale
environments. Moreover, it ensures stable and efficient
data transmission between the frontend and backend
components.
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In addition, we evaluated the recorded dataset on
COVINS-G and maplab 2.0, and the test results are
also presented in the Table.Il. In cases with relatively
stable lighting conditions, both COVINS-G and maplab
exhibit good localization accuracy, with APE values of
1.26 meters and 0.89 meters, respectively. However, when
compared to MERSYS, there is still a gap in perfor-
mance. This is attributed to the complex environment
with numerous occlusions, making it challenging to ac-
curately estimate the true spatial poses of distant objects
and leading to deviations in self-pose estimation. MER-
SYS, benefiting from the incorporation of LIO input, is
capable of promptly correcting such errors. Furthermore,
we conducted tests using nighttime datasets. Due to poor
lighting conditions at night, characterized by only a few
street lamps and billboards, the robot’s camera received
varying and unstable light intensities during motion.
In areas with excessive brightness or darkness, it was
unable to extract meaningful feature points. Thus, the
comparative analysis demonstrates that MERSYS has
enhanced robustness compared to existing multi-robot
cooperative methods.

C. Indoor Multi-Agent Mapping

In indoor testing, the primary focus was on evaluating
map fusion accuracy and localization precision in com-
plex indoor geometric environments. As illustrated in
Fig.6, this environment consists of a main exhibition hall,
a secondary exhibition hall, multiple walls with intricate
color information, and an irregular geometric display
wall. Due to the relatively small size of this environment,
it was suitable for collaborative mapping with two robots.
The selection of this scenario was crucial because the en-
vironment not only exhibited various colors and textures
but also featured complex and fragmented geometric sur-
faces. This complexity, coupled with the limited vertical
information acquisition capabilities of LiDAR sensors,
added to the challenge of obtaining accurate and useful
information.

Furthermore, the environment included many glass
walls, which could lead to reflection phenomena and
result in erroneous LiDAR data. However, with the
integration of loop closure detection, not only could
corrections be made between LiDAR scans but errors
could also be further reduced by incorporating loop
closures with images. Therefore, MERSYS was able to
construct a 3D point cloud map that closely represents
reality, with high texture and detail fidelity, as evident
in the colored image. This high-quality color information
provided by VIO can be directly used for complex tasks
such as object recognition in the future.

The data presented in the Table.Il reveals that in
indoor environments, MERSYS exhibits localization ac-
curacy comparable to that of COVINS-G and maplab2.0.
This is because the robustness of VIO in indoor envi-
ronments is significantly improved compared to outdoor
settings, and the mapping scene has fewer occlusions

and distinct geometric edges, which facilitates feature
point extraction. In summary, in indoor environments
favoring VIO frontend performance over LIO input, the
work presented in this paper has achieved results on par
with existing methods. Additionally, it has established a
3D dense RGB point cloud map, making it advantageous
for practical applications.

Fig. 6: Dense indoor multi machine mapping and point
cloud coloring

D. Network Transmision

In our experiments, a pre-recorded dataset was uti-
lized, and both the front-end and back-end components
engaged in actual network transmissions over a wireless
network. The results of our tests on different datasets, as
shown in Table.ITI, demonstrate that by employing the
communication methods described in III-C, we signifi-
cantly reduced the transmission bandwidth usage.

Fig. 7: Optimization of semantic transmission of point
clouds

TABLE III: The network transmission rate and latency of the
back-end which are measured by taking the average of three
consecutive runs and the average of multiple agents.

Recordings  Receive Transmit  Avg Latency
Basement 4  422.22kB/s  1.14kB/s  832.3ms
Campus 2 386.67kB/s  1.32kB/s  932.3ms
Construction Site 2 325.41kB/s  1.15kB/s  899.3ms
YX SO 772.62kB/s 2.12kB/s  1154.8ms
YX M30O  709.29kB/s  2.04kB/s  1221.5ms

V. CONCLUSION

We propose a pipeline for a multi robot collabora-
tive mapping platform that is compatible with multiple
inputs in a large-scale environment. Experiments with
the Hilti SLAM dataset 2021 and our custom multi-
robot dataset have substantiated the accuracy of our
pipeline, showcasing its proficiency in effectively fusing
maps derived from multiple data sources across multiple
robots.
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