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Robust Localization using Map Selection from Multiple Maps
Based on the Relative Pose Difference of Map and Interoceptive Sensor

Takumi Suzuki®, Yuki Funabora, Shinji Doki, Kae Doki

Abstract— Autonomous mobile robots are expected to demon-
strate a high degree of adaptability, enabling effective opera-
tion across diverse environments. Robust localization is a key
requirement for achieving such autonomous mobility. Typically,
localization methods using sensors such as cameras and LiDAR
construct a map in advance from features of the driving
environment. The robot then estimates its pose by matching the
currently observed features to the pre-prepared map. However,
environmental changes create discrepancies between the current
environment and the pre-prepared map, leading to localization
failure. This paper presents a map selection method for robust
localization, which selects a map that reflects the current
environment from multiple pre-prepared maps constructed
under different environmental conditions. Although existing
methods are limited to a single sensor, the proposed method
can be applied to different types of sensors in a unified manner
by handling sensor information at the pose information layer.
To achieve this, the method utilizes the relative pose difference
between the interoceptive sensor and the map, which is less
susceptible to environmental changes, thereby enabling appro-
priate map selection under varying environmental conditions.
The experiment was conducted using a robot equipped with
a stereo camera in an environment with four conditions. The
results showed maximum localization errors of 0.10-0.24 m and
mean errors of 0.03-0.04 m, demonstrating robust localization
through the selection of an appropriate map that reflects the
current conditions.

I. INTRODUCTION

Robots are expected to move autonomously in diverse en-
vironments, including the automated transportation of goods,
the automated security and cleaning of office buildings, the
automated inspection of social infrastructure, and the oper-
ation of autonomous vehicles. Because robots rely on pose
information for fundamental autonomous mobile technolo-
gies, such as map construction, path planning, and obstacle
avoidance, localization to estimate the robot's pose based
on sensor observations is crucial. Various localization meth-
ods using sensors such as LiDAR and cameras have been
proposed [1]-[5]. However, localization accuracy decreases
with sensor environmental dependencies and environmental
changes.

As examples of sensor environmental dependencies, Li-
DAR localization may be unreliable in open or tunnel-like
environments with sparse geometric features, and camera-
based localization may fail in low-light scenes where visual
features cannot be extracted. Therefore, robust localization
using a single sensor in diverse environments is challeng-
ing. To address this issue, researchers have enhanced the
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robustness of localization by employing multiple sensors
with different characteristics to complement each other's
weaknesses [6]-[13].

Environmental changes comprise time of day, door state
(open/closed), and lighting. Sensors such as LiDAR and
cameras generally construct maps by extracting features from
sensor data collected in the environment in advance. Then,
by matching the current conditions and the pre-prepared
map, localization is performed. Environmental changes that
alter environmental features can cause mismatches between
the current conditions and the pre-prepared map, poten-
tially leading to localization failure. To address this issue,
researchers have enhanced the robustness of localization
by constructing multiple maps under different conditions
and selecting the appropriate map that reflects the current
conditions from multiple pre-prepared maps [14]-[19]. For
example, Labbe et al. [14] proposed a method that selects
the map that yields a sufficient number of matching inlier
features with the current image. Similarly, Biber et al. [17],
[18] proposed a method that selects a map by computing the
likelihood of the current LiDAR data under the distribution
model generated from each map, and choosing the one
with the highest likelihood. In this way, existing methods
using multiple maps are limited to a single sensor and
therefore cannot adapt to diverse environments due to sensor
environmental dependencies. To address this limitation, we
are planning a localization system that is robust to sensor
environmental dependencies and environmental changes by
combining multiple sensor methods and multiple map meth-
ods. To this end, a map selection method that is independent
of sensor type is required.

In this paper, as a first step toward our planned system,
we propose a map selection method that ensures applica-
bility to any sensor by converting sensor-specific data into
pose information and handling it uniformly. By using the
pose information of the map and the interoceptive sensor
that does not rely on any environmental information, the
method that is independent of sensor type aims to select
the appropriate map that reflects the current conditions from
multiple pre-prepared maps. In our experiments, we evaluate
whether the proposed method can select the appropriate map
and achieve robust localization under environmental changes.

II. METHOD

The system overview is shown in Fig.1. For efficient
and accurate map selection, the method classifies multiple
maps into two groups: valid maps M., considered as
candidates, and invalid maps M, excluded from selection.
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Fig. 1.

System for selecting the map that best reflects the current conditions from multiple pre-prepared maps by evaluating their difference from an

interoceptive sensor. The system classifies the maps into valid maps (Mpos) and invalid maps (Mneg) to enable effective and appropriate selection. It

mn)

consists of three main components: (i) Computation of vi

and e(™i:™3)  which calculates the values used in the other two components; (ii) Updating

Mpos and Mneg, which updates the classification of multiple maps based on these values; and (iii) Selecting the Appropriate Map from Mpos, which

selects the most suitable map from Mpos.

And, this system consists of three modules: (i) computing of
indicators, (ii) updating Mpes and Myeg, and (iii) selecting
the appropriate map from M.

In (ii) updating Mpos and My, to build a map selection
method that ensures applicability to any sensor, we handle
sensor data at the pose information layer. We focused on the
relative pose difference between the map and the interocep-
tive sensor. An initial investigation confirmed that, although
the value can detect the occurrence of the localization error of
map m,,, simply applying a threshold or using the map with
the smallest value may not always select the appropriate map
[20]. This is because the relative pose of the map becomes
similar to that of the interoceptive sensor, even though the
map's localization is incorrect. To address this, we detect
a map with a localization error in advance and remove the
maps from the selection candidates, thereby enabling more
accurate map selection. A map with a localization error is
detected in two steps: (i) when the absolute pose difference
between maps is detected, one of the maps is assumed to
have a localization error; and (ii) based on the relative pose
difference, we then determine which map contains the error.

Sections II-A-II-C respectively describe (i) computing
indicators, (ii) updating M,,s and M., and (iii) selecting
the appropriate map from M.

A. Computing of Indicators

This section describes the computation of v,fm"), the rel-

ative pose difference of map m,, and e(™™3) the absolute

pose difference between map m; and map m; at step t.

(mn) (M

A i )ofmap

First, we compute v . The absolute pose p

m,, at step ¢ can be obtained from sensor data using an
existing localization method. Similarly, the absolute pose pgl)
from an interoceptive sensor can be obtained by integrating
the interoceptive sensor measurements over time. We obtain
the mean relative pose 6p§m") of map m,, and 6ptz) of
an interoceptive sensor by comuting the relative pose and
applying a time-series mean filter with a window size w

according to (1).

(s)

spy*) = ‘pt o1 —Pi s s € {mn,iy (1)
From 6p§m" and §pt2 , we obtain the difference between

the mean relative pose obtained from an interoceptive sensor

and map m,, (translation: vfl . "), rotation: vg . "y according
to (2) and (3).

o) = |l A" — || Apy”| @)
vpy) = 1Bopy™ — opy”)| 3)
1 00 0 00
Here, we define A= |0 1 0|, B= |0 0 O0f. Using
0 00 0 01
o, we combine vc(l”Z”) and v(m“) into a single value v{"")
by computing their Welghted average
U(t"’fn) = U("’n) + (1 _ Oé) ,Ué'mfn) (4)

Next, we compute e(mim;)  the difference between the
absolute poses of map m; and map m;, using (5).

elmms) = [ Ap™ — ™)

(&)
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Algorithm 1 Updating M,

1: for mpos1 € Mpos do

2 f[mposl] +0

3: for mpos2 = Mpos do

4 if e(MpostMpos2) > ¢ then

5 f[mposl] — f[mposl] \ ( vt(mposn > ’Ugmposg)
6: end if

7:  end for

8: end for

9: for mpos1 € Mpos do
10:  if f{mpos1] then

11: Mpos < Remove(Mpos, “Mposi” )
12: Mg < Addition(Myeg, “Mpos1”)
13:  end if

14: end for

Algorithm 2 Updating Mce

1: for myeg1 € Mpeg do

2: f[mncgl] —1

3: for Mposl = ]\JpoS do

4 f[mnegl] — f[mneg1] A (e(mnegl’mp051) < eth)
5. end for

6: end for

7: for myeg1 € Myeg do

8: if f[Mneg1] then

9: Myeg < Remove(Myeg, “Mpeg1” )
10: Mpos < Addition(Mpos, “Mneg1”)
11:  end if

12: end for

B. Updating Mpyos and Mg

This section describes the updating of Mpos and M.
This is performed after step w, taking into account a window
size of the time-series mean filter w. Initially, all multiple
maps are included in M.

Using Algorithm 1, M. is updated. We check whether
the map mpos1 in My should be moved to Myes. The
decision is made by comparing the all map m g2 in Mpo. If
there exists a map mpos2 Whose e(Mpos1; Mpos2) g more than
e¢h, then either mpos1 OF Mpos2 has a localization error. If
vt(m‘ml) is more than vt(m""sz), the map my,0¢1 is considered
incorrectly localized and is moved it from Mpos t0 Mpeg.

Next, using Algorithm 2, M., is updated. We check
whether the map mypeg1 in Myee should be moved back to
M,0s. The decision is made by comparing the all map mpos1
in M. If all e(Mneg1; Mpost) Jegs than ey, the map Mueg1
is considered correctly localized and is moved back it from
Myeg to Mpyos.

Stereo
Camera

Fig. 2. Robot equipped with a stereo camera, capable of recording stereo
camera and wheel odometry data.
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Fig. 3. Environment with two environmental changes: two times of
day (mid-day or night) and two blind states (open or closed). condition
1 corresponds to mid-day and open, condition 2 to mid-day and closed,
condition 3 to night and open, and condition 4 to night and closed. The
route taken through the environment is shown by the light blue arrow.

C. Selecting the Appropriate Map from M

From M,,.s, we select the most appropriate map at time ¢
using (6).

arg min vt(m") (6)

mnscl, t
My €Mpos

Msel, t )

Accordingly, we use the pose pim
as the final localization.

from map m,,, ,

III. EXPERIMENT

We used a mobile robot (Fig.2) built on a pow-
ered wheelchair unit (YAMAHA Joy Unit X PLUS+)
equipped with a stereo camera (Stereolabs ZED2). We use
ORB-SLAM2 [21] for camera-based localization. We use
wheel odometry as an interoceptive sensor.

In a used environment, we prepared four conditions by
combining two times of day (mid-day or Night) and two
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L localization error (LE), and Mpos. The red, green, blue, and purple lines indicate maps 1, 2, 3, and 4, respectively.

Mpos row is plotted only when 'the corresponding map is included in Mp0s, and left blank otherwise.

TABLE I
ENVIRONMENTAL CONDITION TABLE

condition | Time of day | Blind
1 Mid-day Open
2 Mid-day Close
3 Night Open
4 Night Close

blind states (Open or Closed), as shown in Table I and Fig.3.
For each of the four conditions, sensor data were collected
twice along the light-blue route shown in Fig.3, with one
dataset used for map construction and the other for evalua-
tion. First, using the map construction data, we constructed
maps 1-4 under conditions 1-4, respectively. Next, using
the evaluation data under four conditions, localization was
performed by our method, selecting the appropriate map
from the four maps.

In this experiment, we assume that at least one appropriate
map exists. We evaluate whether our method can exclude
maps with localization errors from M by checking both
the time-series data of M.s and the localization errors of
each map. We also assess whether the method can achieve
robust localization under environmental changes by examin-
ing both the localization errors and the map selection results.
As ground truth of localization, we use the pose of the
map constructed under the same condition of the current
environment. The parameters for this experiment were set
to w = 100,a = 0.2, e, = 0.2.

A. Time-Series data of Mpes

>

Fig.4 shows, from top to bottom, the time-series of vt(m“)

the localization error (LE), and Mps. The red, green, blue,
and purple lines correspond to maps 1, 2, 3, and 4, respec-
tively.

Fig.4(a) shows the result of condition 1. In around step
500, map 3 (blue) exhibits a localization error. By comparing
the localization difference of other maps and using fut(m”),
map 3 (blue) is excluded from M.s. Between steps 550 and
700, map 2 (green) and map 4 (purple) exhibit a localization
error and are similarly excluded from M,,.s. Near step 680,
although maps 3 (blue) and 4 (purple) still have localization
errors, their vt(m" drop to levels comparable to map 1
(red), which has no error. However, because the errors were
already detected and maps 3 (blue) and 4 (purple) were
preemptively removed from M, the correct map selection
remains possible. Moreover, between steps 600 and 800, the
appropriate map for condition 1 (map 1 (red)) stays within
M, Around step 800, the localization errors for maps 2, 3,
and 4 approach Om, and based on e(™™3) these maps are
moved back into M,.s. The results for conditions 2, 3, and
4 (Fig.4(b), (c), and (d)) show the same pattern: whenever a
map incurs a localization error, it is detected and excluded
from M.

Here, from both the time-series data of Mj.s and the
localization errors of each map, the system excludes maps
with localization errors from M, and includes maps with
no localization errors in M.
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represent maps 1, 2, 3, and 4, respectively.

TABLE 11
LOCALIZATION ERROR

Condition Map Maximum[m] | Mean®SD[m]

selected map 0.14 0.03 £0.04

1 map 2 2.61 0.16 £0.25
map 3 1.55 0.38 +0.49

map 4 3.82 0.21 £0.35

selected map 0.10 0.03 £0.03

5 map 1 3.38 0.68 £0.91
map 3 29.9 0.27 £1.41

map 4 9.16 0.09 £0.38

selected map 0.14 0.04 £0.03

3 map 1 1.02 0.26 £0.26
map 2 0.31 0.09 £0.05

map 4 0.09 0.06 £0.01

selected map 0.26 0.03 £0.04

4 map 1 1.97 0.30 +0.31
map 2 1.04 0.08 +0.11

map 3 0.84 0.08 £0.07

B. Localization Result

The localization errors (maximum and mean =T standard
deviation) for the selected map and each individual map are
shown as Table. II. Note that the map constructed under the
same condition are excluded from the evaluation as they are
used as ground truth.

We first focus on the maximum localization error. In all
conditions, the selected map keeps the error within 0.3 m,
confirming that localization never broke down. In contrast,
for the individual maps, map 1 (under conditions 2, 3, and 4),
map 2 (under conditions 1 and 4), map 3 (under conditions
1 and 2), and map 4 (under conditions 1 and 2) show
the maximum localization error exceeding 1.0 m, indicating
localization failure.

Next, we focus on the mean localization error. In all
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Localization trajectory and map selection results. The trajectory color indicates the selected map and is shown in red, green, blue, or purple to

conditions, the selected map achieves a mean localization
error within 0.03-0.04 m and a standard deviation within
0.03-0.04 m, demonstrating consistently stable localization.
In contrast, for the individual maps, map 1 (under conditions
2, 3, and 4), map 2 (condition 1), map 3 (conditions 1 and
2), and map 4 (condition 1) exhibit mean localization errors
exceeding 0.1 m and standard deviations exceeding 0.1 m,
indicating that consistent and stable localization cannot be
achieved.

From both the maximum and mean localization errors,
it is evident that only the selected map maintains stable
localization without collapse across all conditions, thereby
confirming its robustness against environmental changes.

We examine the map selection results. Fig.5 presents the
localization trajectories under each condition. The color of
the localization trajectory corresponds to the selected map,
with each map ’ s color defined as shown in Fig.4. In the
environment shown in Fig.3, environmental changes due to
time of day and blinds occur mainly on the left side of
the environment. Therefore, it is expected that environmental
changes have a significant impact on localization on the left
side. In contrast, on the right side of the environment, the im-
pact of environmental changes on localization is considered
negligible. In the following, we discuss the map selection
results for these two regions: the left and right sides of the
environment.

Fig.5(a) shows the localization trajectory of condition
1. On the left side of the environment, map 1 (red) is
mainly selected. Since this region is affected by environmen-
tal changes, high-accuracy localization cannot be expected
without using map 1, which was constructed under the
same conditions as the driving environment. Consequently,
the selection of map 1 is reasonable, and it enables stable
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localization. In contrast, on the right side of the environment,
various maps are selected. As this region is not significantly
affected by environmental changes, stable localization can
be expected with any of the maps. Therefore, the selection
of various maps is reasonable, and stable localization is
achieved regardless of which map is chosen. Similar trends
were observed for conditions 2 and 4.

Fig.5(c) shows the localization trajectory of condition 3.
On the left side of the environment, maps 3 (blue) and 4 (pur-
ple) are mainly selected. Although this region is affected by
environmental changes, map 3, constructed under different
conditions from the environment, still achieves consistently
stable localization, as shown in Fig.4(c). Therefore, the selec-
tion of maps 3 and 4 is reasonable, and it enables localization
performance equivalent to the ground truth. On the right
side of the environment, similar trends were observed for
conditions 1, 2, and 4.

From the map selection results, it was demonstrated that
the proposed method was able to select an appropriate
map from multiple pre-prepared maps corresponding to the
current conditions, both in regions affected by environmental
changes and in regions unaffected by them, thereby achieving
robust localization.

IV. CONCLUSIONS

In this paper, we propose a method for selecting multiple
maps that applies to any sensor and is less susceptible to
environmental changes and sensor environment dependen-
cies. To avoid the effects of environmental changes, we
used an interoceptive sensor that does not use environmental
information. To address the issues of initial investigation,
we introduced a system that classifies multiple maps into
Myos and Myee. When updating Mpos and Mg, vt(m”)
and e("i™i) were used to detect maps with localization
errors, which were then excluded from M. and add to
M. When selecting the map, map selection is performed
from M., ensuring that the process remains effective and
appropriate. In our experiment, maps with localization errors
were appropriately excluded from My.s, and by selecting
from Mg, Tobust localization was achieved.

Since the proposed method assumes that the system main-
tains maps suitable for the driving environment, future work
will focus on enabling it to add maps when insufficient
and remove them when unnecessary. In addition, we plan
to extend the system to accommodate various sensors, in-
cluding multiple map-based sensors, multiple non-map-based
sensors, and multiple interoceptive sensors, in order to re-
alize a more robust localization system. We will validate
the effectiveness of this approach through experiments on
large-scale datasets covering diverse environments, including
both indoor and outdoor scenes.
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