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Abstract— Multi-session mapping serves as the pre-requisite
for autonomous robots to fulfill various long-term tasks (e.g.,
map updating, navigation, collaboration). However, it is chal-
lenging to implement multi-session mapping in enclosed or
partially enclosed ambiguous environments (e.g., long corridors,
industrial warehouses). Existing solutions either depend heavily
on the matching of elementary geometric features (e.g., points,
lines, and planes), which tends to fail in environments with
ambiguous geometric features; or depend on the given guess
of the initial transformation matrix of multiple single-session
maps, which is not always obtainable and accurate enough.
The ambient magnetic field has exhibited ubiquity and high
distinctiveness at different location, which makes it suitable for
estimating the initial transformation matrix. Thus, this paper
proposes a novel probabilistic magnetic-aware Map Matching
framework for Multi-session Mapping, namely MM4MM, to
estimate the relative transformation of multiple single-session
maps and to build the globally consistent maps in ambiguous
and perceptually-degraded environments. The key novelties of
this work are the designing of the hierarchical probabilistic
map matching framework and the Particle Swarm Optimization
strategy to associate the magnetic data of multiple sessions.
Evaluations on both simulated and real world experiments
demonstrate the greatly improved utility, accuracy, and robust-
ness of multi-session mapping over the comparative methods.

I. INTRODUCTION

In recent years, single-session simultaneous localization
and mapping (SLAM) in ordinary environments with suffi-
cient geometric features is considered as efficiently addressed
with many existing solutions [1]-[6]. However, multi-session
mapping for long-term and large-scale robotic operations
remains as one of the key issues that are still unresolved [2],
[7]-[10]. Multi-session mapping empowers the autonomous
robots with the capabilities to perform long-term tasks (e.g.,
place recognition [11], [12], collaboration [13]-[15]) in a
robust and persistent way. In enclosed or partially enclosed
ambiguous environments (e.g., long corridors, car parks,
industrial warehouses), the geometric features can be highly
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Fig. 1. The proposed MM4MM system working in a simulated industrial
warehouse environment with ambiguous geometric features. (a) and (b):
The multiple single-session MF and point cloud mappings, where colors
of the ambient MF designate the MF integrated intensity and black lines
in (a) denote the robot trajectories. (c) Utilizing the estimated relative
transformation matrices, the globally consistent magnetic map and point
cloud map can be obtained.

ambiguous [16] and the GNSS signals are considered as
challenged or unreliable. Although partial maps can be built
from each single-session data acquisitions in such scenarios,
it is challenging to build the scalable and globally consistent
map due to the perceptual degradation and data association
ambiguities.

Specifically, multi-session mapping mainly involves deal-
ing with the kidnapped robot or unknown initial positioning
problem [8], where the robot is shut down after a single-
session mapping operation and moved to another place
without knowing a priori information about the position [7].
In previous studies, multi-session mapping algorithms mainly
involve techniques such as map matching [2], [17], map
merging [18], [19], and loop closure detection [7], [8], [10].
Considering the trade-off between utility and accuracy, map
matching is considered as a promising solution to estimate
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the relative transformation matrix between multiple maps and
construct globally consistent maps of the environment.

Existing research of map matching relies heavily on geo-

metric features such as points [9] and lines [20] or visual
image features [2], [17], which tend to fail in ambigu-
ous structured environments where the geometric features
are highly similar. Recently, the ambient magnetic field
(MF)-based mapping and localization research has attracted
dramatic attention in the robotics and indoor positioning
community [21]-[33]. Due to its prominent location sig-
natures and infrastructure-free non-intrusive characteristics,
MF has became a viable alternative to GNSS signal in
the local environments for autonomous robots localization
[22]-[27], [29], [30], [33] and navigation [21], [31]. For
the magnetic map building in single-session tasks, popular
methods such as fingerprints (FP)-based [22], [28], linear
interpolation (LI)-based [23], [25], [27] and Gaussian Pro-
cess Regression (GPR)-based [26], [29]-[31] approaches are
mostly utilized. For the multi-session magnetic mapping,
the problem remains virtually unexplored. The magnetic
maps built from different sessions provide useful high-level
magnetic sequence-based constraints for map matching and
are ideal to assist the long-term multi-session mapping tasks.

Our previous work [29], [32] explored the feasibility of

utilizing the MF to localize a single robot in ambiguous
environments. Besides, our previous research mainly focus
on how to utilize the semantic information to enhance the
accuracy of relative localization between collaborative robots
in outdoor environments with rich geometric features [14],
[34]. However, the main challenge of multi-session mapping
in ambiguous and perceptually-degraded environments is to
design a hierarchical probabilistic map matching framework
that calculates accurate transformation matrix between multi-
session maps and build globally consistent maps. Thus in
this paper, we propose a novel framework named MM4MM,
which bridges the gap between magnetic map matching
algorithms that are yet to be utilized in multi-session map-
ping tasks and geometric map matching algorithms that only
leverage elementary geometric features. A brief illustration
of the proposed framework is shown in Fig. 1. The main
contributions of this work are summarized as:

« A hierarchical probabilistic map matching framework is
proposed, which addresses the problem of multi-session
mapping in ambiguous and perceptually-degraded envi-
ronments.

« A novel magnetic data association strategy is proposed
using Particle Swarm Optimization to obtain the initial
transformation between multiple single-session maps.

o The proposed framework has been validated in both
simulated and real-world challenging ambiguous envi-
ronments by building the globally consistent maps, thus
showing the greatly improved utility and accuracy.

II. SYSTEM FRAMEWORK AND PROBLEM FORMULATION

Workflow of the proposed MM4MM system is presented
in Fig. 2, which comprises two submodules: single-session
mapping, and map matching for multi-session mapping.

Multi-Session Level Problem Formulation: The initial
transformation matrix Ty is introduced as the hidden state
to enhance multi-session mapping performance, which can
be derived by the magnetic map matching. Given a set of
local magnetic maps B,s.) and point cloud maps M,g,)
built from a set of single-session mapping processes S,, the
objective is to estimate the relative transformation matrix
Twm between different single-session maps.

p(TMvTB|Bra(D Ty, By,), M, q)(Trl % Mrn))

K
=Y p(Tg|B,, ®(Tg",B,,)) - p(Tnm|Tp, M, (T, M,,)) (1)
i=1

Magnetic—based Geometric—based

Due to the limitation of computational capacity, the single-
session mapping process r| receives the local magnetic and
point cloud maps {B,,,M, } from another single-session
rn €S,. The ®, s, (T3, B,,) and P, s, (T, ", M,,) are
the transformation functlon that transforms B,, and M,, to
the coordinate frame of B,, and M,,, respectively. Once the
local maps are built and shared, it is necessary to establish
the data association to estimate the relative transformation
between two single-session maps. In our framework, the Par-
ticle Swarm Optimization (PSO) algorithm and Expectation-
Maximization (EM) algorithm are implemented to utilize
magnetic and geometric information, respectively, to cal-
culate the transformation matrix in a hierarchical way (see
Section III-B.1) and Section III-B.2)). Finally, we implement
map merging to form globally consistent maps.

III. MAGNETIC-AWARE MAP MATCHING FOR
MULTI-SESSION MAPPING

A. Single-Session Magnetic and Geometric Mapping

1) Single-Session Magnetic Field Mapping: The 3-D
ambient MF B € R® measured at time ¢ can be modeled
as B! = [B!,B},B5]" in the local coordinate frame [23],
[29]. We transformed the MF data to the global coordinate
frame, which can be denoted as a rotation-invariant vector
as Bf =[B!, B/, BT, where the horizontal component B/ =
V(B})2+ (B))? points to the Magnetic North, the vertical
component B} = B being parallel with a unit vector of
the Earth gravity field, and Bf' denotes the MF integrated
intensity. We define the magnetic map B,, as a set of MF
fingerprints on specified grid points in the environment. The
environment is divided into a grid of square cells of length
Scm and the MF vectors of each cell are collected as the
fingerprints. Based on the collected MF fingerprints, we
implement LI-based algorithm [27] to build the magnetic
map, where we refer the details of this process to paper [27].

2) Single-Session Point Cloud Mapping: For the single-
session point cloud mapping part, the point cloud map M,
is chosen to represent the environment in an efficient and
compact way. To generate the point cloud map, the 3-D
SLAM algorithm FAST-LIO2 [35] is implemented.
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Fig. 2. Flowchart of the proposed MM4MM framework in ambiguous and
perceptually-degraded environments. The local magnetic maps and point
cloud maps produced by different single-session mapping processes are
shared and matched, then the globally consistent maps can be built.

B. Multi-Session Magnetic and Geometric Map Matching

Refering to Eq. (1), we denote the inputs as the current
single-session maps {B,,,M,, } and the latest incoming map
{B;,,M,, } from another single-session process. We define

. . .
each magnetic map and point cloud map as B,, = {B.. } ]

and M,, = {M¢, };Vrl’”, where N, and Ny, are the number
of MF fingerprints and geometric points, respectively.

1) Magnetic Map Matching: For the matching of two
partial magnetic maps B, and B,,, the problem can be
formulated as estimating the initial transformation matrix
Tp with the highest probability, which is the Magnetic-
based part in Eq. (1). We fix the B, as the target map
and utilize the other map B, as the pairing map. The rigid
transformation Ty transforms B,, to the coordinate of B, ,
where Tp € SE(3) is a rigid transformation matrix. The
maximum a posterior (MAP) estimate Tg of the matrix Tg
is derived by applying Bayesian theorem as:

Tp = argmax log p(Tg|B,,,B;,)
Tg

oc argmax log (p(Br1 |Ts,B,,) ~p(TB)) (2)

Tg
where term p(B,, |Tg,B,,) is a common maximum likelihood
estimation (MLE) problem and p(Tp) denotes the prior in-
formation. In this paper, we assume the prior transformation

matrix is an uniform distribution and we focus on solving the
MLE problem. To estimate TB, we need to establish the MF
fingerprint-wise correspondences. With respect to the random
variable T, we formulate the estimation of p(B,,|Tg,B;,)
as a nonlinear optimization problem and denote it as:

Tg = argmax log p(B,,|Tg,B;,) 3)
Tp

Eq. (3) estimates the parameter Ty that maximizes the over-
lap between map B,, and map B,,. However, Eq. (3) cannot
be solved directly due to the reason that we must firstly
estimate the data association between magnetic fingerprints.

a) Magnetic Data Association: Based on the well-
known swarm intelligence [36], we propose a novel strategy
to associate MF fingerprints from different mapping sessions
utilizing the Particle Swarm Optimization (PSO) algorithm.
In the PSO algorithm that we use, a swarm of particles
n;, (i.e., candidate solutions) iteratively move within a 3-
D search region with bounds in order to jointly search for
the best solution, where the 3-D search space comprises
the translation in x-direction, translation in y-direction, and
the rotation. In order to associate MF fingerprints from two
single-session mapping processes, the MF errors at each
corresponding pair should be as low as possible and the
overlap region of the two magnetic map should be as large as
possible. Thus, the fitness function Dp of the PSO algorithm
in our framework is specifically designed as:

Dp(B, ,B] )= argmin — 4)
i€Ng,, ,/ENB,, VP
NBr M n . .
I i Yo7 As(Bi ,B},) )
1= NBrl +NBrn

where \72\ll‘<~> denotes the variance of the magnetic value dif-
ferences calculated by Euclidean distance between any two
corresponding MF fingerprints. P depicts the percentage of
overlapping fingerprints over the total number of fingerprints
of the two magnetic maps. As(B;, ,B/,) in Eq. (5) is 1 when
|IBL || =||BY,||+1.0uT and 0 otherwise. The fitness function
measures the similarities between the matched magnetic
maps, where higher similarities can be obtained with lower
MF error variances and larger overlap region. Thereafter, the
probability of p(B,,|Tg,B,,) can be denoted as:

1 1 DA(Bi B,
p(By,|Tp.By,) = [] M} ©)

exXp ( - =
iGNB, O-B V 27[ 2 Gg

where op denotes the uncertainty caused by magnetic map
building error and sensor noises. Thus, Eq. (3) can be
calculated and Tp can be estimated correspondingly.
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2) Geometric Map Matching: Firstly, the overlapping
area can be delimited by the aforementioned magnetic data
association. For the matching of two partial point cloud
maps M,, and M,,, the problem can be formulated as
estimating the relative transformation matrix Ty with the
highest probability, which is the Geometric-based part in
Eq. (1). Similarly, the rigid transformation Ty € SE(3)
tAransforms M,, to the coordinate of M,,. The MAP estimate
Ty of matrix Ty is derived as:

Ty = argmax log p(Tm|Tg, M, ,M,,)
Tm

o argmax log<p(M,1|TM7Mrn) -p(TM|TB)> )
M

where the term p(M,, |Tm,M,,) is also a MLE problem.
p(Tm|Tg) denotes the prior estimation of the transformation
matrix from previous magnetic map matching. To estimate
Ty, we need to establish the geometric point-wise corre-
spondences. We define each point M¢ in 3-D point cloud
map as My = {mj } € R3, where m; denotes the 3-D
coordinates. Similarly, the estimation of p(M,, |Tm,M,,,) can
be formulated as a nonlinear optimization problem as:

Tv = argmax log p(M,,|Tm,M,,,) )

Tm

Eq. (8) estimates the parameter Ty that maximizes the
overlap between map M,, and map M,,. Similarly, the data
association between geometric points must be estimated first
then Eq. (8) can be solved.

Since the geometric point-wise correspondence is not a
priori information, it is necessary to infer the hidden data

association. We utilize D, = {dajb};vr{‘ to represent all the
correspondence sets between map M,, and M,,. Let d,,
denotes the correspondence relationship between point MJ
and point Mﬁ’n, where d,;, =1 signifies that point M7
corresponds to point er’n. Then, Eq. (8) can be rewritten
into the format of Expectation-Maximization (EM) problem
in Eq. (9) given that the geometric data are associated on the
point level, where d,,, is simplified as d, and a € NM,1 :

Ty =argmax Ep, [p(My,, Dg| Ty, M, )]
T

:argmaxH Z p(dﬂM?l,an?TM)'p(Mfl‘da,TM.,an)
T a d,eD,

Expectation Maximization

©)

In general, the EM problem consists of the Expectation
(E)-step and Maximization (M)-step. Firstly, the expectations
of the hidden data associations are estimated by the E-step.
Then, given the hidden variables estimated by E-step, non-
linear optimization methods can be implemented to solve the
transformation matrix in the M-step. We iteratively perform
the E-step and M-step until the convergence requirement is
satisfied. We refer the details of EM derivation to paper [37].

a) Geometric Data Association: We introduce the tra-
ditional search of Euclidean distance based nearest neighbor
as our geometric map matching approach. Thus, the E-step
can be derivated into Eq. (10). To be specific, firstly the data
association f)’g,“ is estimated based on the transformation
matrix Tﬁ,[ of the last timestep k. Then, the estimation of
T&! is updated based on ﬁ’g“.

B —argmax T] X pldabntyont, i)
da aGNMr1 dy€Dyg

(10)

Geometric Association
To measure the weight of the corresponding geomet-
. . . —|m& —f(Typ,m? )| (3 S
ric pairs, we introduce ®, = e [ty =£€ M’m’"ng, which is
closely related to the distance metric between mj and mf’n.
b) Nonlinear Optimization: Based on the previously-
established geometric data association, the nonlinear opti-
mization problem can be solved by minimizing the error
metric as:
k1 : b Ak+1y)12
Ty ' =argmin}) " Y @y - ||mf, — f(Ty,m] ,dy* g, aD
Tv  a d,eD
where || |3 denotes the Mahalanobis distance and X is
the covariance of geometric features. f(Ty,m? ,dit') de-
notes the transformation function that transforms each point
m? . where f(Ty,m? ,di*') =Ty -m = Ry -m? + tyr.
Thereafter, the nonlinear optimization problem of Eq. (11)
is calculated by utilizing the Levenberg-Marquardt solver.

C. Global Map Merging

In the multi-session mapping framework, each single-
session mapping process maintains and updates its corre-
sponding map. After the estimation of the relative transfor-
mation matrix, next we fuse local magnetic maps B,, and B,,
into a global magnetic map B,, and fuse local point cloud
maps M,, and M,, into a global point cloud map M,. The
latest incoming single-session magnetic map and the current
magnetic map is denoted as B, and B,, respectively. Given
the magnetic data association d;; and corresponding MF
fingerprint pairs b, by, , the corresponding pairs can be fused
into the global MF fingerprints B, which can be denoted as:

p(B,[Dy,B,.B,,) = H Z p(BHdi,j’bi?b{,,)

i€Ng, d;€Dy,

12)

Similarly for the geometric data, we can obtain:

pPM DM M, )= [] Y p(M&dap,mé,mb) (13)

a€Nyy, da €Dy

Considering that the distribution of each geometric point
can be assumed as Gaussian, the objective of geometric
point-wise fusion is to integrate two Gaussian distributions.
We refer the readers to our previous work [38] for the details.

IV. EXPERIMENTAL VALIDATIONS AND DISCUSSIONS

The robot platforms are shown in Fig. 4. All the experi-
ments are executed on a laptop with an Intel i17-10875H CPU
@2.3GHz with 32GB RAM. FAST-LIO2 [35] is applied for
the single-session robot pose estimation. Since no available
open source dataset which contains both the dense magnetic
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Fig. 3. Demonstration of the multi-session mapping for a real ambiguous corridor environment. (a) Single-session magnetic maps; (b) Single-session point
cloud maps; (c) The global magnetic map built by multi-session mapping; (d) The globally consistent point cloud map built by multi-session mapping.

field and point cloud information, we conduct the experi-
ments in two different ambiguous and perceptually-degraded
environments as:

« Simulated warehouse environment: the operation area
of the warehouse is 85m x 75m in Gazebo simulator
[39], which contains ambiguous goods shelves and steel
concrete pillars, as shown in Fig. 1. The 3-D MF
fingerprints collected in an open space area around the
same size serves as the basis for the simulated MF data.
Then, local MF variations such as steel concrete pillars
and steel goods shelves were modeled according to [40]
and were overlaid on the basic MF data.

« Real corridor environment: the operation area of
the corridor is 173m x 20m, which contains polygonal
pillars and ambiguous straight walls, as shown in Fig. 3.
To collect MF data as efficient as possible, the robot was
manually operated to run on pre-defined trajectories to
cover traversable area of the corridor.

Comparison Baseline: The closely-related work is single
robot SLAM or geometric map matching algorithms, where
single robot SLAM aims to estimate the local odometry
in a single-session process while map matching is focused
on calculating the relative transformation matrix between
different single-session maps. Due to the data heterogeneity,
it is not reasonable and feasible to directly compare these two
methods. As no available open source work has addressed

I\

ur'

| 4

Velodyne
HDL-32E
l LiDAR

Ouster
0s1-64
LiDAR

(a) Simulated robot platform

(b) Real robot platform

Fig. 4. (a) The simulated Husky robot is equipped with seven magnetome-
ters and a Velodyne HDL-32E LiDAR; (b) The real Husky A200 robot is
equipped with three VN-100 IMUs and a Ouster OS1-64 LiDAR. The lateral
distance between any two neighboring magnetometers/IMUs are empirically
set at 0.5m to balance between the mapping accuracy and efficency [29].

the problem of magnetic map matching, the proposed frame-
work is compared with two latest geometric map matching
algorithms MFS-Match [38] and Octo-Match [41]. We also
compare our framework with the well-recognized point cloud
registration algorithm GICP [42] and NDT [43].

Evaluation Metrics: We compare the estimated transfor-
mation T, to the ground-truth 7. The error AT is calculated
as AT =T,-T, ' = {AR, At}, where the 3-D rotation error
er = ||AR|| = arctan AR and 3-D translation error ¢, = || At
are the Euler norm and Euclidean norm of the difference
between the output and the ground-truth. Moreover, it is
worth pointing out that since the multi-session mapping is
an offline process and the partial maps can be frequently
updated. Thus, there is no related evaluations on the compu-
tational efficiency.

A. Mapping Results Visualization

To demonstrate the accuracy and utility of the proposed
MM4MM system, the multi-session mapping results are
verified by visualizing the final obtained global map. The
experiments shown in Fig. 1 were done at a simulated
enclosed industrial warehouse, where GNSS signal is not
available. The four mapping sessions share the perceptions in
some overlapping areas. The initial transformation among the
multiple single-session maps is about 0.2m translation in x
axis and 180° rotation in yaw angle. The experiments shown
in Fig. 3 were done at a real long corridor, where GNSS
signal is severely challenged. The three mapping sessions
share the perceptions in some overlapping areas. The initial
transformation among the multiple single-session maps is
about 55m translation in x axis and 0° rotation in yaw angle.
In both experiments, MM4MM is capable to infer the correct
transformation information. As shown in Fig. 1(c), Fig. 3(c)
and Fig. 3(d), the global magnetic map and point cloud map
are both accurate and consistent, which demonstrate that the
map matching process is successful.

B. Map Matching Illustrations

The point cloud map matching results of GICP, NDT,
and MM4MM in the simulated warehouse and real corridor
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Fig. 5. The point cloud map matching results of different methods in the

simulated warehouse environment. (a), (d), and (g): session #1 matching
with session #2; (b), (e), and (h): session #3 matching with session #4; (c),
(f), and (i): session #1 + #2 matching with session #3 + #4.

environments are shown in Fig. 5 and Fig. 6, respectively. It
is clear that our proposed MM4MM system can successfully
and accurately match and merge the maps from different
sessions then finally obtain a globally consistent map, while
GICP and NDT methods tend to mismatch them and lead to
a mess of the merged map due to the ambiguous geometric
data association.

C. Map Matching Accuracy

The average translation error and rotation error of the map
matching experiments in simulated warehouse are summa-
rized in Table. I. It is clear that Octo-Match algorithm has
the worst performance due to that it only utilizes geomet-
ric coordinates as features. By only taking the ambiguous

TABLE I
ESTIMATED MEAN ERROR OF TRANSLATION AND ROTATION OF THE
SIMULATED WAREHOUSE ENVIRONMENT

Session Session Session

#1+2 #3+4 #1+2+3+4
Trans (m) Rot (°) | Trans (m) Rot (°) | Trans (m) Rot (°)
GICP 1.513 0.595 0.793 0.300 2.769 182.610
NDT 1.146 0.647 0.231 0.253 2.713 180.350
MFS-Match 1.599 2.928 1.112 3.804 10.439  180.965
Octo-Match ~ 11.340 1.744 11.599  2.796 9.184 179.743

MM4MM 1.162 0.472 0.177 0.192 0.150 0.378

o »g"’m ‘,"

2 &, o)
Point Clouds from Session #1
Point Clouds from Session #2

R e

L
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Point Clouds from Session #2

(c) NDT

Point Clouds from Session #1 + Session #2
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Point Clouds from Sessmn #1
Point Clouds from Session #2

(e) Ours

Fig. 6. The point cloud map matching results of different methods in the
real corridor environment. (a), (c), and (e): session #1 matching with session
#2; (b), (d), and (f): session #1 + #2 matching with session #3.

geometric features into consideration, it can be very hard
to establish the correct correspondences in such challenging
ambiguous environments. Thus for GICP, NDT, and MFS-
Match algorithms, the estimation errors are large and all of
them fail to converge to the global minimum. It is easy to
see that the proposed MM4MM system has superior per-
formance over the comparative methods. Overall, MM4MM
outperforms the other comparative algorithms due to the
full usage of magnetic information to establish the correct
correspondences, which demonstrates the greatly improved
matching accuracy and robustness.

V. CONCLUSION

This paper has presented a novel map matching framework
named MM4MM, for multi-session mapping in challeng-
ing ambiguous and perceptually-degraded environments. The
proposed MM4MM framework calculates relative transfor-
mation matrix of multiple single-session maps and builds
globally consistent maps of the environment. Thanks to the
introduction of the distinct magnetic field (MF) information,
the proposed algorithm is still able to establish correct point-
wise correspondences in the ambiguous environments. Ex-
tensive comparisons have been conducted on both simulated
experiments and real practical missions, and the results
have shown the improved accuracy and robustness over
the comparative methods. In the future, we plan to further
integrate the MF information into the autonomous robots
active tasks, such as navigation and collaborations.
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