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Robust Map Fusion with Visual Attention
Utilizing Multi-agent Rendezvous
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Abstract— The map fusion for multi-robot simultaneous lo-
calization and mapping (SLAM) consistently combines robot
maps built independently into the global map. An established
approach to map fusion is utilizing rendezvous, which refers
to an encounter between multiple agents, to calculate the
transformation into the global map. However, previous works
using rendezvous have a limitation in that they are unreliable
for certain circumstances, where the amount of agent observa-
tions or overlapping landmarks is limited. This work proposes
a novel map fusion system which robustly fuses local maps
in challenging rendezvous that lack shared information. Our
system utilizes the single visual perception from rendezvous and
estimates the relative pose between agents with the DOPE. Then
our scheme transforms local maps with an estimated relative
pose and predicts the misalignment from approximated maps
by utilizing the attention mechanism of the vision transformer.
Comparisons with the Hough transform-based method show
that ours is significantly better when the overlap between local
maps is insufficient. We also verify the robustness of our system
against a similar real-world scenario.

I. INTRODUCTION

The simultaneous localization and mapping (SLAM),
where a mobile robot localizes itself and builds a consistent
map simultaneously [1], becomes more challenging in the
multi-robot domain. In such a domain, an algorithm should
consider the uncertainties caused by distributed information
[2]. A map fusion, one of the solutions for multi-robot
SLAM, fuses independently built local maps into a global
map. Thus it should compute the optimal transformations
from local frames into the global frame [3].

The relative pose between multi-robot agents is one of the
crucial elements of map fusion [4]. Some fusion methods
compute map transformations only utilizing visual features
extracted from given local maps [5]-[7]. However, these
methods are very limited, because they require sufficient
overlap between local maps which cannot be assured [3].

A map fusion can utilize a relative pose between agents
when rendezvous occurs, in which agents encounter each
other. This setup makes map fusion more robust and is used
in diverse multi-robot SLAM methods [8]-[13]. However,
most previous works have limitations in that they require
multiple observations to compute reliable alignments toward
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Fig. 1. The rendezvous situation of multiple agents. A map fusion system

using rendezvous merges local maps into a global map by utilizing the
relative pose measurement. Ideally, local maps can be transformed into
the global frame even with a single observation and minimal shared map
information by perfect relative pose measurement.

the global frame, or still utilize a feature matching for
revision. The ideal map fusion, however, should acquire
the global map from a single encounter between agents
regardless of the amount of shared information, as depicted
in Figure 1.

This work suggests a novel map fusion system, which
aligns local maps initially with a single observation and
refines any possible misalignment with the method appro-
priate for the rendezvous situation. We implement important
functionalities of the system with deep neural networks to
ensure reliable performance when available information such
as agent encounters or map overlap is restricted.

Our system estimates the relative pose of an observed
agent from an RGB image and computes the approximate
alignment of local maps from the estimated pose. To refine
the error caused by pose measurement noise, it also estimates
the misalignment between local maps by utilizing perturbed
local features from each input map. Notably, it does not
use classic feature matching as in previous works, because
only minimal overlaps may exist in the rendezvous situation.
Instead, the attention mechanism, which models a relation
between ordered features [14], is proposed to estimate the
alignment error.

This work contains the following contributions:

e We apply the DOPE [15] to our pose measurement
model. It makes our method acquire an approximate
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relative pose with only a single observation.

e We claim that the attention mechanism is suitable to
estimate the misalignment between local maps if the
identical landmarks are deficient. Our revision model es-
timates the perturbation by embedding related features,
including non-shared ones, with the vision transformer
[16].

e« We train the above modules on large-scale datasets
we made from scratch, and justify the necessity of
each module. Finally, through the real-world multi-
robot experiment, we verify that our map fusion system
outperforms the existing methods in extreme conditions
where shared features between local maps are restricted.

II. RELATED WORKS
A. Map Fusion Utilizing Rendezvous

A map fusion method using rendezvous finds an optimal
spatial transformation toward the global map by utilizing
relative information between agents at the encounter. How
it fuses local maps with noisy observations and optimizes
the global map varies for each research.

For example, the method in [8] uses Extended Kalman
Filter for each agent and optimizes fused maps by matching
identical landmarks. A robot trajectory is formulated as a
pose graph and constrained with relative measurements from
each encounter in [10] and [11]. Especially in [11], loop
closures in fused maps are detected by the RANSAC feature
matching. The work in [12] tackles relative localization from
rendezvous and trajectory tracking simultaneously. The map
fusion system in [13] stacks non-static features to identify
identical features from local maps. A common limitation in
the above previous works is that multiple observations or
sufficient identical features between maps are required to get
a reliable fused map.

B. Attention Mechanism & Transformer

The attention mechanism refers to the computational per-
ception which focuses on a task-specific subspace of input
information, inspired by human perception [17]. According
to [14], the attention model, which represents the relation
between sequences of input and output, is proposed for
the sequential domain first in [18]. It uses a recurrent
encoder-decoder architecture to map embedded sequences
into relations between input and output sequences.

However, an attention mechanism based on a recurrent
framework requires sequential attention computation, which
causes computational inefficiency [14]. The transformer [19]
parallelizes multiple self-attention calculations by the multi-
head attention, and has shown outstanding performance in
terms of long-range dependency, parallel processing, and
scalability.

The vision transformer (ViT) applies the multi-head atten-
tion to the image space by dividing it into disjoint patches
and adding a whole image representation token. It has earned
renown in recent computer vision research and has already
been applied to various vision tasks [20]-[23].

Input Relatie-Pose—Estmator

Output

RGB
Observation

Estimated
Relative Pose

Agent
Detection

-

Local Map Aligned by Relative Pose

Observation

Global Map

Frame-Error-Estimator

]ﬂ

L Pal";v(l)f i | Misali Refined
ocal Maps Local Maps  Mechanism  Local Maps
Fig. 2. The abstract scheme of our system. The RELATIVE-POSE-

ESTIMATOR detects an agent projected on input observation and estimates
its relative pose. Then the estimated pose is used to align the local map
from the observed agent. The FRAME-ERROR-ESTIMATOR encodes attention
between visual features from the aligned local map pair and estimates any
misalignment in it. We visualize this attention as the self-attention map
at the bottom of this figure using the Attention Rollout [24]. Our system
reverses the estimated misalignment of the map from the observed agent
and fuses local maps into the global map using Algorithm 1.

III. METHODS

This section explains the entire flow of our map fusion
system. We highlight that there are two key modules in our
system, which are depicted in Figure 2.

A. Problem Notations and Setups

Notations in this paper are as follows:

e R;: An agent in multi-robot system. ¢ € {0, 1}.
Ry captures R; without loss of generality.

e I: A single RGB image capturing R;.

o M; € REXW: An occupancy grid map built by R;.

o T € SE(2): The true transformation from M; to Mj.
o 0; € R3: A pose of R; in M.

o Oretaive € R3: A relative pose from Ry to R;.

o Ooror € R3: A misalignment between local maps aligned
by only using Oejagive-

This study suggests the map fusion system which fuses
maps from two agents in the multi-robot system when
the agents encounter. We assume that the agents explore
independently in the same single-floor indoor environment
with unknown initial positions and build their occupancy
grid maps consistently using arbitrary SLAM algorithms.
The system operates when one of the agents captures another
on its RGB camera sensor and succeeds in recognizing it.

The pose 6; of each agent on its map and the relative pose
Orelative are represented by three parameters: translations on
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the XY plane and rotation on the Z axis:

. cos Ay —sin Ay A,
[Aw A, Aw} < |sin Ay cos Ay Ay,
0 0 1

(1
where Ay, Ay € R, and Ay, € (—m, 7).
As Equation 1, the pose with bounded orientation corre-
sponds to the coordinate value of the matrix in SE(2) group.
Thus we designate pose values and corresponding SE(2)
matrices by the same symbol without distinction.

B. System Overview

The proposed map fusion system is initialized when the
RELATIVE-POSE-ESTIMATOR detects R; from I and esti-
mates Opelaive. The system computes T, the approximate of
T by using Oeraive, as Equation 2:

T = 90 9relative 91_1 2)

Due to the noise in relative pose estimation, the frame of
T M, is aligned to the one of Mj with local perturbation, al-
though they should be ideally identical frames. The FRAME-
ERROR-ESTIMATOR estimates this frame perturbation ey,
and T, the refined estimation of T, is computed as Equa-
tion 3:

T=0_1T (3)

error ‘

Finally, the map fusion heuristic merges refined local maps,
My and T'M;, while prioritizing conflicting pixel information
between maps. This function is in Algorithm 1.

C. Robot Pose Estimation on Single Scenery Image

The RELATIVE-POSE-ESTIMATOR module is based on the
DOPE, which encodes features from an agent capturing
the image using convolution layers. Encoded features are
mapped to predict the belief map B and vector field V'
projected on input image space. B represents belief states
of vertices and a centroid composing the bounding cuboid
of the agent. V represents directions from vertices toward the
centroid. These convolution layers are trained using Lpose in

Algorithm 1 Local Maps Fusion with Conflicts Prioritization

Input: Local Maps M, TMl
Output: Fused Global Map M
1. M+ (m”) € REXW
2: for all m;; € M do
3 if (My)i; or (T'M,);; are “OCCUPIED” then
4: m;; < “OCCUPIED”
5. else if (My);; and (TMl)ij are “UNKNOWN” then
6
7
8

m;; < “UNKNOWN”

else
: m;; < “EMPTY”
9: end if
10: end for

11: return M

Belief Map 9

relative

Vector Fields

Fig. 3. The flow from I to 6elaive Via RELATIVE-POSE-ESTIMATOR.
Orange processes are flows of convolution networks, and red processes are
deterministic heuristics and algorithms to output @ejaive. Belief maps and
vector fields are visualized by being stacked into single images.

Equation 4:
Epose(ijvv) :”B(]:(I)) - BH%
+HV(FD)) = VI3,

where F(-) outputs shared features, B(-) outputs predicted
belief map in R?*#*W "and V(-) outputs predicted vector
filed in RI6*HxW,

The module decides the bounding cuboid from the pre-
dicted B and V, and the pose from camera frame to agent is
computed using the Perspective-n-Points algorithm [25]. The
model outputs a pose in 3D space, but only translations on
the XY plane and rotations on the Z axis are transferred to the
following process as Brelaive- The entire flow of RELATIVE-
POSE-ESTIMATOR is depicted in Figure 3.

We used the data synthesis tool called NViSII [26] to
obtain a sufficient amount of photorealistic images to train
the model. It renders RGB scenes of a robot with random
poses. To mitigate reality gaps, random backgrounds and
obstacles are rendered together for augmentation.

The RELATIVE-POSE-ESTIMATOR only requires a single
RGB image as input for localization of the observed agent.
Thus it makes our pose estimation method more robust
than previous works, but the noise from the estimated pose
remains to be handled. With only a single rendezvous,
we cannot formulate the map fusion task as a reliable
optimization problem or exploit the classic feature matching
algorithm due to the restriction of shared landmarks between
local maps. However, the RELATIVE-POSE-ESTIMATOR still
provides T, which is an initial point at the near of 7" for our
method to search Oepor.

4)

D. Coordinate Frame Error Estimation Using Attention

The FRAME-ERROR-ESTIMATOR module assumes that the
perturbation from 7' to T is in a predictable region, and
utilizes the pair of (M, TMl) as an input to estimate Geror.
The ViT architecture receives the input map pair as a two-
channel image and regresses o With a simple MLP. This
process is depicted in Figure 4.

During its training process, the pair of misaligned M, and
TM, should be given at every step. Thus we uniformly
sampled 6o from the error distribution of relative pose
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Fig. 4. The architecture of FRAME-ERROR-ESTIMATOR. An ordered pair
of local maps, (Mo, T M), is divided into disjoint two-channel patches
with identical spatial coordinates. These patches are projected into linear
representations sequentially and encoded with an attention mechanism. The
transformer encoder sums the projected representations and the encoded
features into a single feature vector. Finally, the regression MLP receives
the feature vector and outputs Oerror. This illustration is based on [16].

estimation and perturbed the ground truth M; with ¢ The
range of sampling distribution was set to cover the extreme
generalization errors from the RELATIVE-POSE-ESTIMATOR.
See Section IV-A for details.

The noteworthy detail for FRAME-ERROR-ESTIMATOR is
the choice of a loss function. Because the elements of the
regression target have different scales and ranges, the model
struggles to learn the coordinate value of the SE(2) group
directly. To naturally balance such SFE(2) target Ocqor, the
module M learns corresponding se(2) algebra instead as
Equation 5 [27]:

»Cerror(MOa TMla eerror)
1
= §d(§7 eermf)Tzild(ga eerror)7

where £ = M(My, TM), and d(€,0) = log (exp(£)0~1).

Here we omit the conversion between a matrix and a vector
in the group or algebra, and use an identity matrix as X for
simplicity. We also add the unsupervised learning term to
regularize with heuristics. Because T M; is transformed from
My as Oerrors Berror Mo should be aligned with TM; ideally.
Thus the regularization term is designed as Equation 6:

Lreg(Mo, TMy) = || M(0Mo, TM) |2, (6)

(&)

where 0 = exp (M (Mo, TM)).

This spatial transformation is differentiable using the method
from [28]. The total loss function L¢ame for FRAME-ERROR-
ESTIMATOR is as Equation 7:

ﬁframe - ﬁerror + WEreg B w € [0, 1] (7)

The dataset of local map pairs has to be made from scratch
to imitate realistic occupancy grids in rendezvous situations.
We used indoor floorplans from the HouseExpo dataset [29]
to build sufficient Gazebo simulation environments. Meshes
of walls for given indoor floorplans were generated using
a script modified from [30]. Multiple agents explored the
generated environments while executing SLAM, and local
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Fig. 5. Box plots and violin plots of the generalization error of the

RELATIVE-POSE-ESTIMATOR for each element of pose.

maps were recorded when a rendezvous occurred.

Overall, the FRAME-ERROR-ESTIMATOR estimates the
coordinate frame error between local maps, even when
matching map features are minimal. We claim this is possible
because the proposed method uses the attention mecha-
nism, which can weigh relations between distinct visual
features from misaligned local maps. Due to this property,
the FRAME-ERROR-ESTIMATOR is suitable for rendezvous
situations.

IV. EXPERIMENTS

In this section, we test the suggested modules to verify
their robustness to the challenging rendezvous, both in the
test dataset and the real-world setup. During the data gener-
ation and the real-world experiment, we used the TurtleBot3
Burger platform with Intel Realsense Depth Camera D435
as an agent.

A. Relative Pose Estimation Performance

The RELATIVE-POSE-ESTIMATOR was tested on the set
of 1000 photorealistic synthetic images capturing an agent.
We plot the distribution of estimated pose error in Figure 5.
The plot shows that the error distributions are zero-centered
and their variances are small enough to support that the
relative pose estimation is very accurate for most cases.
However, extrema also exist, which still provides evidence
of the true pose but harms the quality of estimation largely.
Based on these results, we can say that the FRAME-ERROR-
ESTIMATOR needs to robustly cover the extreme cases of
pose error.

B. Comparison and Ablation Studies of Frame Error Esti-
mation on Local Map Pairs Dataset

We tested the FRAME-ERROR-ESTIMATOR on the test set
from our dataset, collected independently with the training
set using the same generation procedure. For the baseline
method, we implemented the algorithm from [5], which we
denote as Hough. It transforms local maps into spectral sig-
nals using Hough transformation and exhaustively searches
the SE(2) parameter that maximizes the correlation between
map spectral signals.
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(a) The scatter plots for the absolute estimation errors of the FRAME-ERROR-ESTIMATOR and the baseline Hough method against the local maps’

overlap ratio. (b) The map fusion results of the proposed and the baseline on the test set. From the left, each column corresponds to the ground truth,
misaligned input map pair, fusion result of the Hough, and the result of our suggested method.

We also conducted ablation studies by varying the im-
age encoding architecture or loss terms of FRAME-ERROR-
ESTIMATOR. In Table I, the ViT denotes whether a model
encodes map pairs using a vision transformer or convolution
network. The Reg denotes whether the loss term in Equa-
tion 6 is used, and the Lie denotes whether the regression
target is Lie algebra or naive pose value.

We recorded the absolute error of 6o from every vari-
ation and baseline in Table 1. It shows that the models
regressing Lie algebra with a transformer encoder have the
best performance. When comparing with CNN variations,
models encoding input with ViT and regressing Lie algebra
target can fully utilize the scalability of a transformer to learn
the inductive bias of merging local maps and outperform
others including the baseline.

The detailed comparison with the baseline is in Figure 6.
The plot in Figure 6 (a) shows that the translation error of
the baseline method tends to increase as the overlap between
input local maps decrease. This tendency is shown clearly in
Figure 6 (b). The Hough fuses local maps accurately when
overlaps between input local maps are distinct. However,
it overestimates occupied regions when local maps lack
overlaps, and the translation error exceedingly increases. It
shows the known issue of existing map fusion methods that
match shared visual features. On the other hand, our method
shows robust frame error estimation performance regardless
of the amount of shared features between local maps.

C. System Performance in Multi-robot Scenarios

Finally, we tested the performance of the entire map fusion
system in real-world multi-robot scenarios. We implemented

TABLE I
MEAN AND 95% CONFIDENCE INTERVAL OF

THE ABSOLUTE ERROR OF ESTIMATED Berror ON TEST SET

ViT Reg Lie [Az| (m) [Ay| (m) |Ay| (radian)
X X X 0.586 %+ 0.050 0.591 4+ 0.054 0.130 £ 0.021
X X v 0.562 + 0.047 0.534 4+ 0.050 0.167 £ 0.021
X v X 0.700 4+ 0.054 0.692 4+ 0.054 0.149 £ 0.019
X v v 0.556 4+ 0.051 0.570 +0.051 0.175 £ 0.020
v X X 0.999 £+ 0.060 0.964 4+ 0.059 0.394 £+ 0.023
v X v 0.425 +0.047 0.441 +0.050 0.097 +0.018
v v X 0.638 + 0.057 0.632 4+ 0.054 0.138 +0.024
v v v 0.438 +0.046 0.426 +0.048 0.097 +0.018

Hough 1.096 + 0.125 1.175+0.131 0.261 £+ 0.033

this system using the Robot Operating System (ROS), and
the system operated in the centralized workstation with
GPU. Agents were manually controlled to navigate toward
the rendezvous region while building their local maps with
GMapping [31]. The system received local maps and an
observation image when agents encountered each other. This
scenario and inputs from it are shown in Figure 7.

In this experiment, we compared our system with two
existing methods as baselines. The first method is the same
as we used in Section IV-B, which we denote as the Hough.
The second method from [32] extracts ORB features from
local maps and estimates the transformation parameters with
RANSAC. We denote this method as the ORB. Miscellaneous
configurations on the experiment are in Table II.

The results from baselines and our method are in Figure 7.
Although the RELATIVE-POSE-ESTIMATOR estimated a quite
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Hough

Fig. 7. The real-world map fusion scenario and its results on baselines and ours. The red cone is the initial pose of Rp, and the red arrow is its trajectory.
The blue ones are R;’s and vice versa. When agents encounter each other in the rendezvous area, which is denoted as a green circle, the system receives
agents’ local maps and the observation image. We overlay the estimated bounding cuboid on the input observation /. On the bottom, the global maps of
ground truth, using only relative pose, other baseline methods, and our FRAME-ERROR-ESTIMATOR are shown. To visualize the true fused map and how

much overlap between local maps, we paint and overlay Mo (red) and M7 (blue) on the map of the entire environment at the ground truth item.

TABLE 11
REAL-WORLD SCENARIO CONFIGURATIONS

Ground Truth T'
Overlap A, Ay Ay
0174 60m -58m 180°

Map Configurations

Size Resolution
384 x 384  0.05 m/pixel

accurate bounding cuboid on the observed agent, the fused
maps only using pose information (M, + TM,) were still
inaccurate. Baseline methods, as expected, failed to fuse
local maps, because given local maps have minimal overlap
between themselves. With the FRAME-ERROR-ESTIMATOR,
however, the proposed map fusion system robustly refined
the misalignment. Though the global map from ours (M, +
TMl) had a minor error due to the inconsistency between
local maps independently built in the real world, the result
shows that our method solely exploited clues unlike other
baselines, and robustly solved the map fusion task in the
challenging rendezvous situation.

V. CONCLUSION & DISCUSSION

This paper proposed the map fusion system utilizing
rendezvous that mitigates the issues of existing map fusion
methods, where a sufficient amount of shared information,
such as the number of observations or matching land-
marks between local maps, is required. We implemented
the RELATIVE-POSE-ESTIMATOR by utilizing the DOPE and

made relative pose estimation possible with only a single
image. To refine the approximate transformation computed
with a relative pose, we implemented the FRAME-ERROR-
ESTIMATOR, which encodes transformed local maps utilizing
the attention mechanism with ViT. This scheme makes
the model embed features from local maps with minimal
overlaps. We verified the robustness of the suggested system
through experiments on diverse levels, from the synthesized
dataset to the real-world scenario.

In future works, the proposed system can be extended
further to broader setups or environments. For instance,
applying our system to 3D maps, which are used widely
in real-world applications, is considerable. It can be done
by extending attention models for 3D data points, which
have been studied recently by applying a transformer net-
work [33], [34]. Currently, our pose estimation module only
assumes an indoor environment with mild conditions on
agent observation like lighting or occlusion. It may increase
uncertainties of relative pose estimation in the real world,
especially in the outdoor environment. Quantifying these
uncertainties in pose estimation for robotics [35] can help
future works maintain robustness in diverse setups.
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