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Abstract— This paper tackles a localization problem in large-
scale indoor environments with wayfinding maps. A wayfinding
map abstractly portrays the environment, and humans can
localize themselves based on the map. However, when it comes
to using it for robot localization, large geometrical discrepancies
between the wayfinding map and the real world make it hard
to use conventional localization methods. Our objective is to
estimate a robot pose within a wayfinding map, utilizing RGB
images from perspective cameras. We introduce two different
imagination modules which are inspired by how humans can
comprehend and interpret their surroundings for localization
purposes. These modules jointly learn how to effectively observe
the first-person-view (FPV) world to interpret bird-eye-view
(BEV) maps. Providing explicit guidance to the two imagination
modules significantly improves the precision of the localization
system. We demonstrate the effectiveness of the proposed
approach using real-world datasets, which are collected from
various large-scale crowded indoor environments. The exper-
imental results show that, in 85% of scenarios, the proposed
localization system can estimate its pose within 3m in large
indoor spaces. Project Site: https://rllab-snu.github.
io/projects/WayIL/

I. INTRODUCTION

Have you ever had difficulty finding your way in large
shopping malls, train stations, or airports? These public areas
usually provide a wayfinding map to help in such situations.
Wayfinding maps are designed to assist visitors in locating
themselves within the environment. These maps commonly
illustrate various landmarks or shops in polygonal forms.
The polygons might not always represent structural features
(walls or doors) in the real world; they could outline semantic
areas like a food court or a playground. Since the primary
purpose of a wayfinding map is to convey information rather
than accurately represent the environment, it often highlights
specific areas in detail and simplifies less significant regions.
Furthermore, while extra information like GPS or satellite
image is possible in outdoor environments, it can be difficult
to use such information indoors. However, humans can still
locate themselves on a wayfinding map without expensive
sensors or precise maps. This paper aims to develop a
localization system inspired by these human capabilities.

Why can a human understand such an abstracted, simpli-
fied, and even inaccurate map? We believe two factors are
related to such ability. First, humans inherently can grasp the
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layout and structures of pathways and align them with maps
[1], [2]. We can identify features like corridors or junctions
from visual signals, giving us a general idea of the location.
Secondly, humans can spot and correlate landmarks shown
on maps with those in the real-world view, aiding in precise
localization [3], [4]. In this study, we focus on the first
factor. Our objective is to create a localization system that
recognizes and understands spatial structures and layouts.

The overview of our proposed localization system, WayIL
(pronounced ‘whale’), is shown in Figure 1. To facilitate the
understanding of surroundings, we introduce two types of
imagination modules into the localization system, Imagine-
FPV and Imagine-BEV. Imagine-FPV module imagines in
a first-person-view (FPV), how the wayfinding map would
appear in current RGB images. It learns which part of the
FPV image would be drawn on the BEV map and which
would not. Imagine-BEV module imagines in a bird-eye-view
(BEV), how the current surroundings would be drawn as a
wayfinding map. We attached the two imagine modules to a
localizer module. The localizer module transforms the FPV
image into an egocentric BEV representation and compares
it with the BEV map. During this process, the localizer
module learns useful latent features for localization with the
assistance of two imagine modules. We found that attaching
the two imagine modules significantly benefits localization
accuracies. Additionally, indoor environments often consist
of simple and repetitive structures, making it challenging to
pinpoint a specific location from a single image. We extend
our method with the particle filter algorithm, which effec-
tively resolves such ambiguities by weighting and resampling
potential positions based on their likelihood.

The contribution of this paper can be summarized as
follows:

• We introduce a novel localization system with inac-
curate wayfinding maps, relying on image and wheel
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odometry data. The proposed robot localization system
can accurately estimate its pose in large-scale indoor
environments without additional knowledge, such as
GPS signals and satellite images.

• We present two imagine modules designed to learn
effective latent representation by imagining from both
first-person-view (FPV) and bird-eye-view (BEV).
These modules play an essential role in boosting lo-
calization accuracy.

• We demonstrate how the proposed method can be inte-
grated with the particle filter algorithm. This integration
efficiently handles ambiguities and enables consistent
tracking in dynamic environments.

II. RELATED WORK

The localization problem with inaccurate maps has been
studied consistently over time. Architectural floorplans pro-
vide information about the overall layout of an environment,
without having to explore the actual environment in person.
Although they only depict the structure of the environment
and omit movable items, a floorplan provides clear geometric
cues with a consistent scale (such as walls or doors). Several
methods [5]–[9] concentrated on aligning observations with
these structural hints from the floorplan. Sketch maps drawn
by a human hand may contain both structural elements
(like walls) and semantic elements (such as furniture, plants,
or signage) in imprecise shapes. Hence, direct structural
alignment with the real world is not guaranteed. Previous
work [10]–[13] demonstrated successful localization and
navigation using sketch maps. However, most experiments
are limited to small, simple, and static environments like
offices or laboratories. Wayfinding map considered in this
paper has similar characteristics to a sketch map, but it
handles much larger and more crowded environments, such
as a department store or public station. Wayfinding maps
usually portray a large number of stores or landmarks in
polygonal shapes. Each polygon on the map does not always
mean structural elements in the actual environment. Fur-
thermore, some unnecessary elements can be omitted from
the map, or some elements in the map can be drawn in
detail. Despite substantial studies on other types of maps,
there is limited research on localization using wayfinding
maps. Wang et al. [14] explored visual localization in a
shopping mall with a wayfinding map. They focused on
utilizing clear semantic indicators like store signs, based on
the assumption of a pre-established database containing the
names and locations of each store. The robot estimates its
pose based on the detected store signs and the estimated
storefront exteriors. In contrast, we wanted to develop a more
general localization system that operates even when the sign
detector is ineffective or in the absence of a store database.
Therefore, we focused on implicit geometric indicators such
as identifying potential polygon areas or free spaces, and
interpreting 3D surroundings into 2D map representation.

More recent studies, particularly with deep learning, have
focused mostly on outdoor environments. Satellite images
are actively investigated for localization. They are easily
accessible from the internet and provide visual features of the
landscape. The appearance of the area in a first-person-view
can be roughly estimated using satellite images. Several prior

studies [15]–[21] utilize such visual features to align first-
person-view and bird-eye-view. However, since wayfinding
maps do not contain these visual features, it is challenging to
apply such approaches. On the other hand, OpenStreetMap
[22] consists of polygons and provides semantic labels for
each respective area, such as roads, buildings, lakes, parks,
or forests. This closely resembles wayfinding maps which
depict the environment in an abstract way. Earlier research
[23]–[31] mainly aimed at identifying semantic cues from the
first-person-view image and aligning them with map anno-
tations. More recent approaches have investigated extracting
useful latent features by end-to-end learning for localization.
Samano et al. [32] and Zhou et al. [33] proposed to learn a
common latent vector space shared by perspective RGB im-
ages and cropped map regions. Meanwhile, Sarlin et al. [34]
proposed a localization system which transforms FPV image
into a neural BEV representation, and matches with the map
representation. Advancing beyond these initiatives, we build
a localization system designed for large-scale indoor settings
with a wayfinding map. As we consider a wayfinding map
which has fewer semantic labels (namely three: blank, free
space, and polygon area) than OpenStreetMap, we focus on
enhancing the comprehension of the relationship between
FPV and BEV. This is achieved by incorporating two imagine
modules. We found that these modules significantly increase
localization accuracies in indoor environments. Considering
real-life usage, wayfinding maps may contain ambiguous
scales and may have been partially distorted. In this paper, we
also demonstrate the robustness of the proposed localization
in such a situation.

III. PROBLEM FORMULATION

We consider a localization problem in unfamiliar large-
scale indoor places. We assume that no prior knowledge is
given except for a wayfinding map M ∈ RHmap×Wmap . Hmap

and Wmap refer to the height and width of the wayfinding
map, respectively. The wayfinding map consists of multiple
polygons, which can be stores or arbitrary regions. We con-
sider a wayfinding map without specific semantic labels other
than free space or polygon area. This enables the general
implementation on various environments without dependency
on specific regions. Each pixel in the wayfinding map can be
among the three categories: blank area not inside the map,
free space area, and polygon area inside the polygons.

In this paper, we consider a robot navigating around the
area, and it needs to localize its 3DOF pose (x, y, θ) in a
wayfinding map M based on the observed RGB images It
at the time step t. The robot has three perspective cameras to
cover a 180◦ field of view. This choice can vary depending
on the user, and the proposed method is not limited to the
number of cameras. The robot has access to wheel odometry
information which can be inaccurate. The system consists of
three modules: Localizer, Imagine-FPV, and Imagine-BEV.
The details of each module are shown in Figure 2a, and we
will explain each module in the following sections (III-A,
III-B, III-C). Then, we describe how we adapted the particle
filter algorithm to WayIL system in section III-E.
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Fig. 2: (a) Components of WayIL system. Three modules (Imagine-FPV, Imagine-BEV, Localizer) compose WayIL system.
(b) Ground-truth (GT) label generation process. For each camera pose, an egocentric map is created. Using these egocentric
maps, 180◦ ego map egt is constructed. Also, the free space of each egocentric map is rendered onto the FPV image, using
known camera height. (Best viewed in color.)

A. Localizer Module
The Localizer module converts the FPV images into an

egocentric BEV representation and compares it with the BEV
wayfinding map M . The module utilizes a convolution-based
localization method inspired by recent research [34]–[36].
The image encoder Fimg1 processes the FPV images It ∈
R3×H×W×C into latent features ft ∈ R3×H×W×D, where
H and W refer to the height and width of the image, C and
D refer to the size of the channel. Then each pixel feature is
embedded into BEV representation according to its estimated
3D position. The method for estimating the 3D position of
each pixel can vary [34]–[38], and we adopted the embedding
method from [36], which utilizes depth information and
known camera parameters. As only RGB information is
given, we estimate depth information from RGB using an
off-the-shelf model (Omnidata [39], [40]). Since Omnidata
outputs normalized depth and surface normal, a conversion
process to metric scale is necessary for creating a consistent
BEV representation. Inspired by [41], we estimate the floor
area using the estimated surface normal, and adjusted the
depth scale so that the height of the floor matches the known
camera height. We can map each FPV pixel feature from
ft into 3D position using estimated depth information and
known camera parameters. The features corresponding to the
same x-y position are averaged, and the averaged feature is
recorded in the corresponding grid cell in BEV representation
mt ∈ RHego×Wego×D. This FPV-to-BEV translation process
is denoted as Fembed in Figure 2a.

The wayfinding map M is processed by a convolutional
neural network Fmap to transfer the map into the same

latent space as mt. The processed wayfinding map becomes
kt ∈ RHmap×Wmap×D. Then, the developed egocentric BEV
representation mt is compared with kt by cross-correlation
operation (or convolution) with rotating it. The output of
the cross-correlation is a heatmap Ht ∈ RHmap×Wmap×R,
where R represents the number of rotations, dividing 360◦

into R discrete intervals. The localizer module is trained to
generate Ht which has a likelihood of camera pose in each
grid cell. The wayfinding map is given after cropped into
a fixed (Hmap × Wmap) size, and the robot pose can be
any pixel in the cropped map M . In this paper, the cropped
map M represents a real-world area of 64m × 64m. The
loss term for localization is a cross-entropy loss: Lloc =
CrossEntropy(Ht, Hgt), where Hgt refers to the one-hot
distribution indicating which grid cell the robot is present,
similar formulation with [34]–[36]. We hypothesized that
this localization approach entails the robot gradually learning
where to look for localization and gaining insight into how
the observed area would be represented on the BEV map.
Moreover, we believe that having this comprehension is an
important factor that allows localization from two different
viewpoints. To enhance these abilities, we propose two Imag-
ine modules designed to explicitly guide this process. In our
WayIL system, we introduce a separate stream of building
another BEV latent representation nt. In contrast to mt

which implicitly learns latent features solely through Floc, nt

is explicitly guided to learn useful features for localization by
additional loss terms with Imagine modules. The nt is gen-
erated from another FPV latent feature gt ∈ R3×H×W×D,
which is encoded by Fimg2. The nt is concatenated with mt,
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becoming µt. The final BEV representation µt is used for
convolution-based localization in WayIL. We present how
the Imagine modules affect nt in the following sections.

B. Imagine-FPV Module
In Imagine-FPV module, U-Net Encoder FFPV takes FPV

latent features gt and output estimated map mask vt ∈
R3×H×W for each image. This module is trained to estimate
which part of the observed image would be drawn on the
wayfinding map. The process of making ground-truth virtual
map mask vgt is shown in Figure 2b. First, we crop a local
egocentric map for each camera from the wayfinding map.
Then we conduct ray casting on each map starting from
the ground-truth camera pose, to obtain only observable
parts. As these rays progress, areas before hitting any lines
are labeled as ‘Free space.’ Upon encountering any line
of polygons, the meeting points are labeled as ‘Polygon.’
The subsequent parts of the rays beyond these points are
labeled as ‘Unknown.’ We mask out the rest of the not
observable area as ‘Unknown.’ The labeled egocentric maps
become e1,2,3gt . Then we render the ‘free space’ in e1,2,3gt onto
each FPV image using known camera height and intrinsic
parameters, with the assumption that these are on the ground.
These rendered parts become vgt, with a value of 1 in areas
of the FPV image depicted on the map as free space, while
the remainings are 0. We also utilize the estimated surface
normal in III-A, to filter obstacles in rendered free space
area. Pixels not sharing a similar orientation with the floor
are marked as 0 in vgt. A convolutional neural network
FFPV is trained by L1 loss to make vt to be same with
vgt: LFPV = L1(vt, vgt). Note that the area vgt considering
is different from simply classifying floor from an image. We
can see that vgt in Figure 2b does not highlight the inside
area of the store. The estimated vt is utilized to mask out
unimportant areas in building nt. The FPV latent feature gt
is multiplied with vt, and only the estimated free space pixels
are embedded into nt = Fembed(gt ∗ vt).
C. Imagine-BEV Module

In Imagine-BEV module, a neural network FBEV is trained
to predict an egocentric local map et from the developed
BEV representation nt. During this process, the network can
comprehend the surroundings by imagining how the observed
area will appear from the BEV perspective, especially within
the context of the wayfinding map M . We combine the local
egocentric maps e1,2,3gt to be a single 180◦ egocentric map
egt for the center camera, according to each camera pose.
This egt has three classes corresponding to ‘Polygon’, ‘Free
space’, and ‘Unknown’. The loss term for et is formulated
as a cross-entropy loss: LBEV = CrossEntropy(et, egt).
The estimated egocentric map is not used during inference
time, but training this module serves as an auxiliary task and
encourages extracting better features for scene understanding
and localization. The experiments show that attaching these
two modules significantly increases the localization perfor-
mances on the wayfinding map. We provide the experiment
result and the ablation study in Section IV.

D. Training
The proposed localization framework is trained using three

loss functions correspond to each module in the previous

sections. The total loss term is as follows:

Ltotal = Lloc + LFPV + LBEV. (1)

Using this loss term, the neural networks in WayIL
(Fimg, Fimg2, FFPV, FBEV, Fmap) are jointly trained. Each
Imagine module contributes to learning the final BEV repre-
sentation µt used in Localizer module. As a result, training
LFPV and LBEV influences Lloc, subsequently helping in
performance enhancement.

E. Particle Filter Algorithm
This paper focuses on large-scale indoor environments,

which frequently have repetitive patterns and numerous
dynamic obstacles. Maps for such environments might not
always be accurate, leading the localization system to occa-
sionally select an incorrect location that looks similar to the
answer. To address this issue, we integrated the particle filter
algorithm with the WayIL system to combine information
over time and improve estimation.

At the start of the episode, the particles are scattered on the
map, and the wheel odometry information is used for updat-
ing each particle pose. Each particle has a pose of (h,w, r),
which corresponds to a grid in Ht ∈ RHmap×Wmap×R, and
the value from Ht becomes the weight of the particle. The
weight is continuously multiplied as the particle moves, and
particles are resampled according to the weight. In most
situations, particles often group into clusters in similar areas,
which is common for particle filter-based localization. These
clusters maintain similar scores until they receive critical
information that could clarify the pose. Therefore, selecting
the particle based on the highest weight can lead to imprecise
estimates due to possible outliers or inaccurate particle
movement. To achieve consistent localization over time, we
group the particles using K-means clustering, treating these
clusters as potential pose candidates. In this paper, we use
five clusters, and the sum of the particles’ weights in each
cluster determines its score. The centroid of the cluster with
the highest score becomes the representative estimated pose.

IV. EXPERIMENTS

A. Dataset
For evaluation, we use NAVER LABS localization dataset

[42]. This dataset provides perspective RGB images and
wheel odometry information in multiple types of large-
scale indoor spaces. In this paper, we use RGB images
(128× 128× 3) from three cameras which cover about 180◦
field of view. We used five different indoor spaces from
a department store (Dept. B1, Dept. 1F), shopping center
(COEX B1), and underground mall areas in metro stations
(Metro1, Metro2). Wayfinding maps of each environment are
shown in Figure 3.

The wayfinding maps are manually drawn for each re-
gion based on the reconstructed 3D map, where each grid
corresponds to 25cm × 25cm. Hence, we can calculate the
mapping between the pixels in the wayfinding map and the
ground-truth poses. The polygons in the wayfinding maps
we used correspond to those of actual wayfinding maps
found in real environments. There can be some differences
between shape details, but they outline the same features like
stores, kiosks, counters, escalators, and so on. Considering
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Exp.
Num. Dataset Method Sequential

Estimation Mean ↓ Std ↓ Median ↓ MAD ↓ Recall@X ↑
1m 3m 5m

1

NAVER
LABS
[42]

YouAreHere [32], [33] X 19.33 11.66 18.63 8.81 1.9 9.4 13.7
2 OrienterNet [34] X 11.65 9.22 10.28 7.24 10.2 24.2 31.4
3 WayIL (ours) X 8.61 9.42 4.16 3.81 27.0 46.4 52.6

4 YouAreHere [32], [33] Particle Filter 10.28 11.85 3.40 3.03 23.2 48.2 53.7
5 OrienterNet [34] Weight Propagation 5.40 7.17 1.60 1.25 39.9 60.5 66.6
6 OrienterNet [34] Particle Filter 4.58 6.70 1.43 0.78 31.4 68.9 75.2
7 WayIL (ours) Particle Filter 2.65 5.07 1.09 0.48 44.3 85.8 90.1

8 MGL [34] OrienterNet [34] Weight Propagation 2.39 3.04 1.51 0.82 29.2 73.0 90.9
9 WayIL (Ours) Particle Filter 2.45 4.98 1.45 0.79 31.1 74.5 90.1

TABLE I: Localization Results on NAVER LABS Dataset [42] and MGL Dataset [34].

Free�Space

Polygon�Area

Dept.�B1 Dept.�1F

Metro�1 Metro�2COEX�B1

Fig. 3: Wayfinding Maps for each environment.

the real-life wayfinding maps, we also provide experiments
with arbitrary global scales and partially distorted maps. We
split each wayfinding map into train and test areas, and
the images from the train area are only used for training.
Each method is evaluated with images from unseen areas.
We sampled 200 sequences from the unseen areas for each
region, and a total of 1,000 sequences were evaluated. Each
sequence consists of 100 frames of images, which is about
40 seconds in duration.

The final estimated pose at the end of the sequence
is used for measuring the localization performance. The
average and standard deviation of the distance errors are
used for localization. In many cases of failed localization,
the pose is predicted to be in a distant but similar space. So
it is challenging to determine the localization accuracy by
relying solely on the average distance error. Therefore, the
localization performances are also measured using median
distance error, median absolute deviation (MAD), and recall
rate in 1m, 3m, and 5m. We also report the localization
results based on a single-step observation in Table I.1-3.

B. Baseline methods

We compare the proposed method (WayIL) with two
recent localization methods which address a similar kind
of map. Both methods deal with the localization using
OpenStreetMap [22] in outdoor environments. YouAreHere
[32] learns to transform FPV image and BEV map pair into
the same metric latent space. After training, the localization
can be done using cosine similarity between the FPV image
embedding vector and the BEV map embedding vector.
OrienterNet [34] is analogous to WayIL without Imagine
modules. For sequential estimation, OrienterNet moves the
previous heatmap weights using precise positional shifts and
multiplying them with a new heatmap. This does not consider
resampling or noisy shift data. We denote this sequential
estimation approach as ‘Weight Propagation’, and we also

Imagine Module Recall @ Xm ↑

FPV BEV 1m 3m 5m

✘ ✘ 31.4 66.0 71.0
✔ ✘ 39.4 81.0 86.2
✘ ✔ 45.4 81.2 86.0

✔ ✔ 44.3 85.8 90.1

TABLE II: Ablation study on NAVER LABS Dataset.

provide a comparison with the particle filter algorithm used
in WayIL. Note that the robot has only access to noisy wheel
odometry information. We changed the precise pose change
information into wheel odometry in weight propagation.

C. Comparison with Baselines

Table I shows the experiment results in the NAVER LABS
dataset. First, we can see that localization using a single
image observation (I.1-3) shows much lower accuracy than
sequential estimation (I.4-7). Integrated with the particle
filter algorithm, WayIL can localize the robot pose within
3m, in 85.8% of cases. We can see that WayIL more
effectively estimates the robot pose than other localization
methods. For YouAreHere (I.1,4), we observed that this
method effectively aligns image embedding very close to
the map embedding of ground-truth position. However, due
to the prevalence of similar areas, incorrect selections were
often made. Compared to OrienterNet (I.2,5,6), we can verify
the effectiveness of the imagine modules. By attaching two
imagine modules, the performance of localization is highly
increased. We conducted an advanced ablation study on
imagine modules in section IV-D. Further, we observed that
particle filters can estimate the robot pose more accurately
than weight propagation in indoor environments under noisy
odometry (I.5 vs I.6).

D. Ablation Study

Table II shows the results of the ablation study on two
imagine modules. Note that the model without imagine
modules is analogous to the OrienterNet method with a
particle filter algorithm, except for the embedding method
(Fembed) for BEV representation. While WayIL uses µt for
matching, this model only uses mt, without nt which is
generated from Imagine modules. The channel size of mt

was doubled for this model, equal to the channel size of µt in
the original model. For models with a single imagine module,
either FFPV or FBEV was removed, respectively. Both the
Imagine-FPV module and the Imagine-BEV module increase
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Fig. 4: (a) Example visualization of a localization episode. Robot observation and estimated et and vt are shown above
the map. The particles (orange) are shown on the wayfinding map. (b) Example of local distortion and distorted map.
We randomly cut arbitrary patches from the wayfinding map, and distort them by downsizing or emphasizing.

localization performance. We observed that the Imagine-
BEV module specifically increases the recall rate in fine-level
distances (under 1m). We believe that training to estimate
an egocentric BEV map from latent representations enables
the system to capture the spatial structure details of the
environment. This comprehension subsequently facilitates
more precise localization. When the Imagine-FPV module is
combined, this enhances the understanding of surroundings
by learning where to look in the FPV image to build effective
BEV representation.

E. Qualitative Results
We present an example of a localization episode in Figure

4a. The estimated virtual map mask vt and egocentric map
et are also shown in the figure. The Imagine-FPV module
accurately identifies free space in the FPV image, and the
Imagine-BEV module correctly detects pathway junctions.
The convergence of particles is presented on the map ac-
cording to time. We can see that the particles are clustered in
multiple similar areas, and the cluster with the highest score
correctly estimates the robot pose. Additional examples can
be found in the accompanying video.

F. Distorted Map
One of the difficulties in using a wayfinding map for

localization is the ambiguity of the global scale. Moreover,
it often highlights or downsizes specific regions for inter-
pretability. Considering these factors, we conducted localiza-
tion experiments using distorted wayfinding maps to assess
their applicability in real-world scenarios. Figure 4b shows
the examples of the distortions. First, we fixed the grid size
and randomly emphasized or downsized specific patches of
the wayfinding map. Table III shows the experiment results.
When there are only local distortions, WayIL shows robust
performances. When WayIL is trained with the distortions,
it shows similar results to when there are no distortions.
Second, we tested WayIL with various grid sizes, randomly
changing it between 10cm and 40cm. When WayIL is not
trained with the distortions, the performance significantly
drops. However, when trained with the distortions, it can
recover the localization performances to some extent. From
the experiment results, we can see that WayIL can handle

Trained w/
Distortion

Grid Size
(cm)

Local
Distortion

Recall @ Xm ↑
1m 3m 5m

✘ 25 - 44.3 85.8 90.1
✘ 25 80%∼120% 38.2 80.1 85.5
✔ 25 80%∼120% 45.0 82.8 85.8

✘ 10 ∼ 40 80%∼120% 16.9 39.8 46.5
✔ 10 ∼ 40 80%∼120% 23.8 60.9 70.4

TABLE III: Localization on Distorted maps.

the wayfinding map with local distortions and arbitrary
grid sizes, which is closer to the real-life situation. The
examples of localization on distorted map are presented in
the accompanying video.

G. Outdoor: MGL dataset [34], [43]

Additionally, to verify the usefulness of the proposed
method in outdoor environments, we conducted experiments
on the Mapillary GeoLocation (MGL) dataset [34]. MGL
dataset consists of Monocular RGB images from various
cities with paired OpenStreetMap. The results are shown in
Table I. 8-9 Although the imagine modules of WayIL are
designed for indoor localization, they can also be helpful
in outdoor environments by increasing localization perfor-
mances in sequential inference.

V. CONCLUSION

We proposed WayIL, an indoor localization system with
wayfinding maps. Compared to other maps previously used
for localization, the wayfinding maps are geometrically in-
accurate and highlight semantic regions. We introduced two
imagination modules, which showed significant performance
improvements in indoor environments. Integrated with the
particle filter algorithm, the proposed localization system
accurately estimates the robot pose in various types of large,
crowded indoor environments. If a POI (Point of Interest)
database is provided, and there is a detector capable of
recognizing various types of shops, it can be combined
with WayIL for more accurate localization. Additionally, the
developed WayIL can serve as prior knowledge for accurate
mapping by assisting in planning efficient exploration routes
and aiding navigation.
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