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SignlLoc: Robust Localization using Navigation Signs
and Public Maps
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Fig. 1: Global localization using SignLoc with a Boston Dynamics Spot robot. The robot detects navigational signs and extracts directional
and locational cues. To localize, it matches these cues to a large-scale, indoor-outdoor navigation graph, constructed from publicly available

maps.

Abstract—Navigation signs and maps, such as floor plans and
street maps, are widely available and serve as ubiquitous aids
for way-finding in human environments. Yet, they are rarely
used by robot systems. This paper presents SignLoc, a global
localization method that leverages navigation signs to localize
the robot on publicly available maps—specifically floor plans
and OpenStreetMap (OSM) graphs—without prior sensor-based
mapping. SignLoc first extracts a navigation graph from the
input map. It then employs a probabilistic observation model
to match directional and locational cues from the detected signs
to the graph, enabling robust topo-semantic localization within a
Monte Carlo framework. We evaluated SignLoc in diverse large-
scale environments: part of a university campus, a shopping mall,
and a hospital complex. Experimental results show that SignLoc
reliably localizes the robot after observing only one to two signs.

Index Terms—Localization, Semantic Scene Understanding.

I. INTRODUCTION

OCALIZING and navigating in the open world remains a

challenge for robots due to the diversity and complexity
of human environments. Prior work enables robust local-
ization, particularly for small-scale indoor environments, by
exploiting geometric features [46] along with some semantic
features like objects [15] or in-the-wild text [49]. However,
these face challenges scaling up to large, heterogeneous
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environments, particularly those spanning both indoors and
outdoors. Existing methods also typically require in-situ sensor
data to build representations for localization, necessitating an
additional pre-deployment mapping step.

Humans have addressed these challenges by designing
wayfinding aids such as navigational signs and publicly
available human-centric maps—e.g., floor plans and street
maps. These two aids are complementary, with both encoding
symbolic locational and coarse directional information about
manmade environments. Signs are informative features captur-
ing global information about places and their relative locations.
They can be directly matched to features in existing human-
centric maps, enabling localization without pre-deployment
mapping. Since they are ubiquitous both indoors and out-
doors, and are purposefully placed in large-scale spaces to
support human navigation, they are ideal semantic features for
localizing in large-scale, heterogeneous scenes. However, both
signs and human-centric maps remain under-utilized sources
of information in robot systems.

We present SignLoc (Fig. 1) a global localization approach
that leverages navigational signs and publicly available human-
centric maps—namely floor plans for indoor spaces and Open-
StreetMap (OSM) graphs for outdoor areas. Our approach rests
on two key observations. First, human-centric maps encode
key locations and the paths between them in a coarse but
directionally accurate way, which can be extracted in the
form of a navigational graph. Second, navigational signs often
indicate the direction of shortest travel to a given location.
This property is a distinctive feature for localization, as it
lets us narrow down the set of possible locations for the
sign by comparing the sign’s directions with the directions
of shortest paths computed from all candidate locations in the
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Fig. 2: A diagram of the map extraction pipeline, starting with a venue map or a floor plan, and extracting the navigational graph. After the
venue map is binarized and the text and symbols are extracted, computational geometry methods are applied to extract the traversable nodes
and the place nodes of the navigational graph. Then symbol and text information is integrated into the graph, connecting portal nodes and

assigning labels to place nodes.

navigational graph.

Our main contribution is a global localization approach that
uses navigational signs as spatial semantic features to localize
with respect to a topo-semantic navigational graph extracted
from floor plans and OSM graphs. We build on existing
work in sign understanding [1], and propose a probabilistic
observation model to match directional cues extracted from
signs, with the navigational graph. This model is used for
global localization with a particle filter. We also propose an
approach that extracts and stitches together navigational graphs
from floor plans and OSM graphs.

In sum, we make three key claims: Our approach is able
to (i) Extract navigational information from signs; (ii) Uti-
lize human-centric map priors in the form of floor plans
and OSM graphs to establish a unified world representation;
(iii) Localize robustly in large human-centric environments,
with seamless transition between outdoor and indoor spaces.
Experiments across diverse large-scale environments—ranging
from a mall to a campus to a hospital—support these claims.
In particular, we find that SignLoc reliably localizes the robot
after observing only one to two signs.

II. RELATED WORK

Localization for mobile robots has been studied exten-
sively [34], [35], and geometric approaches gained substantial
popularity [11], [12], [19]. In the recent decade, there is a
noticeable shift towards utilizing semantic cues [5], [28], [48]
and considering new map representations [4], [29], [39].

Semantic cues. The need for reliable and informative,
yet compact features drives the use of semantic cues in
localization. Recent works explored various cues, from specific
high-level features like lane markings [32], to broad semantic
features like affordances [23], objects [48] and semantic part
understanding of scenes [18]. Signs are navigational aids

commonplace in human-oriented spaces. While a large body
of work exists on detecting and classifying signs, both in
indoor [2], [38] and on-road settings [10], [14], [37], [47],
the application of signs to localization remains limited. Cui et
al. [8] and Zimmerman et al. [49] detect and associate textual
cues on signs to locations in floor plans, while Escalera et
al. [9] classify traffic signs for on-road localization. Liang et
al. [20] goes further by parsing text and direction information
from signs, using them to guide local mapless navigation.

We use navigational signs as semantic features for global
localization in large-scale, heterogeneous scenes. Specifically,
we propose an observation model based on the property that
signs often reflect the direction of shortest travel to given
locations, to localize on human-centric maps. Unlike Liang et
al. [20]’s rule-based approach, we follow Agrawal et al. [1]
and use VLMs for more open-ended sign understanding.

Publicly available, human-centric maps. Most robot lo-
calization approaches leverage dense maps, e.g. occupancy
or voxel grids [25], built from sensor data taken during a
pre-deployment mapping run. In contrast, humans localize
and navigate effectively in unseen spaces by using abstract,
semantic maps like floor plans, road maps etc., which are made
publicly available to aid wayfinding. Recent works explore
harnessing human-centric maps for localization and naviga-
tion, with many focusing on floor plans for indoor scenes,
and OpenStreetMap (OSM) information for outdoor scenes.
Several approaches seek to segment and parse floor plans [21],
[33], [41], [45], but often fail to handle floor plans that deviate
from the architectural standard, such as the visitor and venue
maps or operate under the Manhattan world assumption. Xie et
al. [40] proposed to generate a navigational graph from a floor
plan to localize and guide the visually impaired, but their map
extraction fails to generalize to different floor plans and is
not suitable for global localization. Cheng et al. [6] propose a
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localization approach centered around detecting the topology
of a junction, but their hand-crafted classifier can only detect
a closed set of topologies and they restrict their approach
to “regular buildings”, a criteria that many public facilities
architectures fail to meet. To localize in unseen outdoor
scenes, Yan et al. [42] use building outlines as features, while
Ruchti et al. [30] rely on road network topologies. Other visual
place recognition approaches, [26], [36], [44] exploited Google
Street View for image matching.

We use publicly available human-centric maps—floor plans
and OSM graphs—as sources of prior map information to
globally localize in unseen environments. We propose a
method to extract and stitch a unified navigational graph from
floor plans and OSM graphs, which can scale to large areas
and span both indoor and outdoor scenes.

III. SiGNLoC

We use navigational signs to globally localize with respect
to publicly available human-centric maps—floor plans and
OpenStreetMap (OSM) graphs. We decompose this problem
into three main steps: (i) map extraction, (ii) sign parsing,
and (iii) sign-centric localization. Map extraction (Sec. III-A)
extracts and stitches together a unified navigational graph G
from floor plans and OSM graphs. Sign parsing (Sec. III-B)
extracts navigational cues—associated textual and directional
features—from navigational signs. Sign-centric localization
(Sec. III-C) describes our novel observation model for match-
ing navigational cues to G for global localization.

A. Navigational Graph Construction based on Priors

We propose an approach to extract and stitch together a
single navigational graph G from floor plans and OSM graphs.
Navigational graph construction takes as input floor plans as
2D top-down RGB images, and OSM graphs. The output is
the navigational graph G = (V, &), inspired by [43]. The graph
nodes V comprise three types: (i) intersection nodes where two
or more distinct navigable paths meet (e.g. turn in corridor, T-
junction etc.); (ii) place nodes, which correspond to named
regions in the input maps and store the region’s textual label
as an attribute; (iii) portal nodes that connect disjoint areas
(e.g. doors, lifts, stairs). The graph edges £ represent connec-
tivity between the nodes. The extracted graph G need not be
metrically accurate, but it should preserve coarse directional
information. Specifically, SignLoc discretizes directions that
edges e € £ can take into the set of 8 cardinal directions D.
If metrically accurate OSM maps are input, the G should be
metrically embedded in the coordinate frame of the OSM map.

We apply computational geometric techniques to obtain
graphs from an indoor floor plan. If an OSM graph is present,
it can serve as the “backbone” of the navigational graph, being
used to coarsely embed subgraphs from individual floor plans
into a consistent global coordinate frame. This yields a single
navigational graph G spanning from indoors to outdoors.

Graph extraction from floor plans. When floor plans
or venue maps are available, the indoor navigational graph
can be extracted automatically. While previous works [40]
attempted to construct navigational graph from binarized maps

in the pixel-space, we work in polygon-space. We skeletonize
the binary image and detect enclosed areas using connected
components analysis, and we capture these geometries as
polygons. The nodes of the extracted, simplified skeleton
are intersection nodes, while the enclosed areas are place
nodes. We detect traversable spaces, such as corridors and
lobbies, by their degree of connectivity to other rooms. For
these traversable areas, we use a polygonal skeletonization
approach [17] to extract the centerline on which we should
navigate. For the non-traversable spaces, such as enclosed
rooms, they are assigned a place node and are associated with
a name that is extracted from the map using Paddle-OCR.

Portal nodes such as doors, lifts and stairs are detected using
their name or a symbol in the floor plan. The detections of
symbols, as well as removing clutter, text and colors to achieve
the binary image that captures the geometry, are performed by
querying a VLM. As the results may be imperfect, annotating a
navigational graph or editing an existing graph is also available
through our GUI application NavGraphApp. The GUI allows
users to construct navigational graphs when prior maps are un-
available, too cluttered, outdated or lacking important details.

Registration to global coordinate frame. The procedure
detailed above is aimed at a single source map, which usually
describes one floor of a building. To address the construction
of multi-building navigational graphs given separate floor
plans, we propose an alignment process based on Open-
StreetMap [13]. As we store a simplified exterior polygon of
each floor in our floor nodes, we can register it against the
polygon provided by OpenStreetMap. We find the similarity
transform that maximizes the overlapping area between the
two polygons. Given polygon Py, extracted from the floor plan
and polygon Py, we optimize the similarity transform M to
maximize the IoU between the two polygons,

My = argmax ToU(A(Pom), AMM Py)) (1)
M

where A(-) donates a function that computes the area of a
polygon and the similarity transform is defined as M =
RS +T.R, S and T refer to rotation, scaling and translation
respectively.

For multiple building with multiple floor plans or venue
maps, we register each against its OSM counterpart, and
transform each navigational graph to a global coordinate
system where they are aligned. When the navigational graphs
are aligned with the OSM coordinate frame, utilizing the road
network to extend the navigational graph becomes trivial. The
process of aligning floor plans and venue maps against the
OSM polygons essentially embeds the topological graphs in
3D space, enabling also topometric localization.

B. Sign Parsing

The sign parsing module first identifies navigational sign
candidates in RGB images, then processes them with a VLM-
based sign understanding system [1] to extract the embedded
navigational cues.

Shortlisting candidate signs. We seek to identify candidate
signs relevant to localization from RGB input. Specifically,
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Fig. 3: An overview of the observation model. The input is the navigational graph and image of a directional sign. The observation model
computes how likely it is to observe the sign for each particle with state (U, 6), and reweighs the particle accordingly.

we identify image inputs containing text strings of places that
appear in prior maps. This is done using fast text spotting
(e.g. PaddleOCR [7]) to extract observed text, and filter based
on the list of place strings extracted from the prior map
(Sec. III-A). Selected images are passed to an open-set object
detector (GroundingDINO [22]) that is prompted to predict
bounding boxes for “navigational signs” in the image. This
produces candidate signs containing navigational cues useful
for localization.

Sign understanding. We adapt the sign understanding
pipeline of Agrawal et al. [1] to extract symbolic navigational
cues from candidate signs. In their work, sign understanding
involves (1) extracting locations and directional symbols from
the sign, and (2) associating each location with a direction.
To address (2), prior works often make assumptions not
valid across signs in the wild (e.g. one-to-one location-arrow
correspondences, fixed sign layouts) [1]. VLMs provide the
semantic reasoning and common-sense to handle such varia-
tions. We extend their definition of navigational cues to tuples
(I, D), where [ is the location label and D is a probability
distribution over the set of direction categories D, discretized
into 8 cardinal directions. Each element of D € R® represents
the likelihood that [ corresponds to that direction. The pipeline
sends the same parsing prompt to the VLM multiple times,
using its responses to empirically construct the uncertainty
distribution D. The output is the list of navigational cues
present in the sign, C = {(I', D),..., (17, D7)}.

C. Sign-Centric Localization

The localization module globally localizes the robot with
respect to the map obtained in Sec. III-A, using navigational
cues from signs, C, obtained in Sec. III-B. Our approach
builds on the Monte Carlo localization framework [11], which
estimates the robot’s state x; in a given map m based on
motion priors u; and observations z,. In this particle filter
formulation, when motion priors are available, the particle’s

state is updated via the motion model. The observation model
reweighs the particle based on the likelihood of the observation
given the particle’s state. During the resampling step, particles
are sampled based on their weights, and particles with higher
weight are more likely to be selected, while weak hypotheses
perish. An overview of the localization can be seen in Fig. 4.

In our sign-centric localization, the map m takes the form
of the navigational graph G = (V, ). We define the robot’s
state ©; = (v,0), where v € V and 6 is the robot’s
heading. The observation z, are the navigational cues Cq,
obtained from signs. Specifically, we design a particle filter
for global localization, and describe the associated observation
and motion models.

Observation model. Given observed navigational cues z, =
{z},...,2/} = {(I*,DY)y,...,(17,D’);}, the observation
model (Fig. 3) is:

J
Pz | 2em) = p(Cs | 2.6) = [[ (A | 2.9)7 @
7j=1

Specifically, the observation model is the geometric mean
of observation likelihoods for each z; = (I/,Dj). Each
likelihood models how likely it is for a location corresponding
to I/ to be found in a given direction d, with respect to
the robot’s current location at node v; € V with heading
0, € [—m,m):

p(z | 2,G) = p((1], D) | (v1,6:),0)
= > p(l] =label[u]) Y p(toward(u) = d|(vt,0;),G)

€ Viop-k deD
3)

Due to ambiguous place names or parsing errors, the
extracted label [/ may not match exactly with any node labels,
or may match with multiple node labels in G. To handle
this, we consider the top-k most similar node labels, i.e.
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Fig. 4: An overview of our localization approach, based on our
navigational graph and utilizing navigational cues from signs.

Vip-t = argmax, p(l] = label[v]), where p(I] = label[v])
veV
is a normalized fuzzy matching score based on Levenshtein

distance [24].

We assume that signs indicate the direction of shortest
travel to a goal. Thus, for each matched node u € Viop-k,
we want to model the likelihood that moving in direction
d takes us along the shortest path from v; toward w. In
SignLoc, the set of directional categories for edges, D, is the
8 cardinal directions corresponding to the relative headings
{0,%,3 3m dm _ T _T) when the robot is in a pose

204 T T T
facing the sign head-on. This likelihood is modelled as:

p(toward(u) =d ‘ Tt g) = p(dedge = d) exp (7(dedge : dact)2)
“4)
degge € D denotes the normalized direction vector of the
edge (v¢,w) in the world frame, where w is the next node
along the shortest path from wv; toward u. The term dy
represents the relative heading d composed with the robot’s
current heading 6;, capturing the robot’s expected orientation
after turning to face w. Intuitively, (dedge!~!dact)2 measures
directional consistency via cosine similarity, while the negative
exponential term converts this into a valid probability. The
weight p(deqee = d) represents the prior probability that the
direciton of shortest travel toward u corresponds to d € D,
obtained from the sign-parsing distribution D;.

Resampling. After the particles have been re-weighted, we
resample the particles using a mixture of reciprocal sam-
pling [27] and low-variance sampling [34], with an efficient
sample size criteria [3] of & where N is the number of parti-
cles. We assume sign detections happen in proximity to a node
rather than an edge, therefore sampling new particles close to
nodes. The nodes and orientations are sampled proportionately
to weight of their particles, meaning a highly likely particle
(u, ) would be sampled multiple times with some Gaussian
noise, while particles with low weight would perish.

Motion models. We provide two motion models, for purely
topological localization and for topometric localization. In the
topological setting, the motion model is based on a discretized
action space, comprising motions in the 8 cardinal directions.
We use these actions as the motion prior u;, to update our
state x;. The robot state is updated only when reaching the
end of the current traversed edge.

We also extend the framework to handle the topometric

TABLE I: Evaluating sign understanding across 3 different environ-
ments.

Cue Precision Cue Recall Sign Accuracy
Mall 0.824 0.847 0.692
Hospital 0.830 0.849 0.428
Campus 0.820 0.837 0.583

setting, where the navigational graph G can be embedded in
3D Euclidean space. In this case, we track the robot pose
pt = [x,y, 2, 0] and use the robot’s odometry as wu;, sampling
from the proposal distribution p(p: | pe—1,ut). P+ can be
discretized to obtain the state x; = (v, 0;).

IV. EXPERIMENTAL EVALUATION

In this work, we propose a novel localization approach that
exploits navigational cues from signs, enabling deployment
of robots in new environments without prior sensor-based
mapping. We conduct experiments to verify the performance
of our method. The results of our experiments also support
our key claims, which are: (i) Extract navigational information
from signs; (ii) Utilize various sources of priors to establish
a unified world representation; (iii) Localize robustly in large
human-centric environments, with seamless transition between
outdoor and indoor spaces.

A. Experimental Setup

We recorded an evaluation dataset for global localization
across multi-storey, multi-building indoor and outdoor public
spaces, including a hospital, a mall, and a university campus.
Indoor areas had floor plans and venue maps, while outdoor
regions had OpenStreetMap data. Each trajectory contains
odometry and RGB image streams. The hospital and mall data
were captured with an iPhone, and the campus data with an
arm-mounted camera on a Boston Dynamics Spot robot. Due
to the Spot camera’s low mounting, we employed the active
perception module from Agrawal et al. [1] to reposition the
arm for optimal sign visibility.

B. Sign Understanding

We evaluate sign understanding on 10 trajectories across
the 3 test environments. The trajectories have human-annotated
ground truth navigational cues for each sign in each trajectory.
The cue precision/recall metrics are adapted from the sign
recognition metrics in [1], and reflect accuracy of inferring
navigational cues, aggregated over all signs in the 10 tra-
jectories. Cue precision is the fraction of accurately inferred
cues out of the total number of cues inferred by the sign
understanding pipeline, while cue recall is the fraction of
accurately inferred cues out of the total number of ground
truth annotated cues. We also compute sign accuracy, which
denotes the fraction of signs across all 10 trajectories which
are perfectly parsed. We define a sign to be perfectly parsed
if the set of inferred navigational cues for that sign exactly
matches the annotated ground truth.
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Mall

Fig. 5: Qualitative results of our map extraction approach with multi-floor, multi-building navigational graphs extracted from publicly available
maps. In the top right (offices) is our constructed navigational graph for the floor plan used by Xie et al. [40].

Tab. I shows that the sign understanding pipeline performs
consistently well on navigational signs across diverse environ-
ments. The main failure mode observed is incorrect direction
category prediction due to complex sign structure in the wild,
which may make association of a textual label to a directional
arrow ambiguous. Overall, the high cue precision/recall values
indicate strong performance of the pipeline, and suggest that
each observed sign has a high proportion of accurately parsed
navigational cues. While some inaccuracies in parsing individ-
ual cues lead to lower sign accuracy values, SignLoc is able
to utilize the remaining accurately parsed cues from each sign
for localization, enabling strong performance in localization.

C. Map extraction

We qualitatively evaluate our map extraction on several
publicly available maps, including a hospital, a shopping
mall and a university campus, as well as office buildings
from different countries. Overall, the map extraction was
tested on 13 separate floor plans and venue maps, from 7
different buildings. We also test the augmentation of our
navigational graph with information from OpenStreetMap’s
road network, and show that the navigational graph can also be
extended seamlessly to describe outdoor urban environments.

We benchmark against the work of Xie et al. [40], who
also attempted to extract a navigational graph from a floor
plan. While our approach successfully extracted a navigational
graph from the map used by Xie et al. [40], as seen in
Fig. 5, their approach failed to produce navigational graphs
from the publicly available maps we used for evaluation and
localizaion. Our tested locations include multi-floor buildings,
the alignment of connected buildings with separate floor plans
and the extension of the navigational graph to outdoor spaces,
all which were not addressed by Xie et al. [40]. The qualitative
results of our map extraction approach can be seen in Fig. 5
and Fig. 1. We show that the extracted navigational graphs
can support robust sign-centric localization in Sec. IV-D. We
observe that the most challenging part for our approach is
extracting symbols and text from the maps, despite the recent
advances of VLMs and OCR approaches.

D. Localization

We evaluate on 10 sequences from the dataset described
in Sec. IV-A. For global localization, particles are uniformly
initialized across all traversable nodes of the navigational
graph. Thus, the number of particles differs for each graph,
with the largest graph initialized with 4448 particles.
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We evaluate topological localization on nine sequences,
each containing 5 sign sightings. Sequence S10 has 7 sign
sightings, and is used to evaluate topometric localization. S1-
S3 are collected in a mall, with a graph containing 4 retail
floors. Trajectories traverse escalators to change floors. S4-S6
are collected in a hospital, and capture transitions between
two buildings (Towers A and B). S7-S9 are collected on a
university campus, across 2 buildings with transitions between
floors. S10 starts outdoors at the basement level and traverses
up to level 1, across two buildings, measuring at around 300 m
long. More details about the metadata for the navigational
graphs used for localization is included in Tab. II. For the
topological localization, we use actions {1, <, ], —, ...} taken
at each node for the motion model, while for the topometric
localization we rely only on odometry from the robot.

To evaluate the performance of the approach, we compare
the localization estimation at sign sighting locations, where
ground truth localization is manually annotated based on the
known location of the signs. To determine correctness of pose
estimation, the predicted node must match the GT node, and
the orientation difference must be lower than 7. Localization
is considered successful if the prediction matched the ground
truth before the end of the sequence, and if the localization
remained converged until the end of the sequence.

As can be seen in Tab. III, the global localization converges
to the correct topological node and the correct (discretized)
orientation in all sequences. The convergence occurs after the
first or second sign sighting in 80% of the cases, but more
challenging sequences can require more signs. Specifically,
slower convergence on S3 and S6 are attributed to noise from
locations referenced in signs that were not reflected in the pub-
lic map. Also, S6 featured hard-to-parse signs with ambiguous
location-direction associations, causing noisier localization.
For all sequences, once the pose estimation converged, it
remained correct until the end of the sequence, resulting in
100% success rate.

We evaluate localization performance with ground-truth sign
annotations, and find it to be effectively identical to that
with signs parsed by our pipeline (Tab. III). This indicates
that perception noise has limited impact. The primary source
of noise is missing navigational cues—while some cues are
omitted, the remaining ones are generally accurate and often
sufficient to localize the robot reliably.

As our approach can utilize both venue maps and OSM
information, it was difficult to compare it with an appropriate
baseline. While VPR approaches such as Lalaloc++ [16] can
localize in floor plans, they cannot localize outdoors and
also are challenged by environments with high geometric
symmetry. Approaches such as OrienterNet [31] can globally
localize outdoors with a single RGB image and OSM, but
cannot be extended to indoor spaces.

E. Runtime

We evaluated our approach on an Nvidia Jetson Orin. For
each sign, we batch the multiple parsing prompts in a single
VLM query. We measure runtime on the campus naviga-
tional graph, containing 605 nodes, using 4448 particles to

TABLE II: Map metadata for the navigational graphs that were used
for localization.

nodes edges floors  buildings ind. area out. area
Mall 641 2416 4 1 51338 m?
Hospital 309 1200 2 2 30012m? -
Campus 605 2145 2 2 16905m2 160000 m?

TABLE III: Localization performance for 3 different environments.
The metric i/n reports at which sign sighting i of the n visible signs
the approach pose estimation converged to the ground truth.

Mall
S1 S2 S3 S4 S5 S6 S7 S8 S9 S10
1/5 1/5 4/5 1/5 2/5 4/5 1/5 2/5 2/5 177

Hospital Campus

localize. The observation model (~0.025s) and motion model
(~0.012s) execute in real-time. Each candidate navigational
sign requires a VLM query, which takes ~2.5s, during which
the robot must temporarily halt. However, since signs are typ-
ically sparse, this cost is amortized over the trajectory and has
limited impact on overall navigation efficiency, enabling real-
time navigation. Our approach runs online on the Spot, and we
enclose a video of online localization in our supplementary.

V. CONCLUSION

We present SignLoc, a global localization approach that
matches directional cues from navigational signs to a navi-
gational graph derived from publicly available human-centric
maps—floor plans and OpenStreetMap (OSM) graphs. Be-
cause signs are ubiquitous in human environments and encode
information closely aligned with these maps, they serve as
ideal semantic features for large-scale localization spanning
indoor and outdoor spaces. Experiments validate this, showing
that SignLoc rapidly localizes in diverse routes after observing
just one or two signs, and demonstrating its ability to globally
localize and track the robot’s location on a long trajectory
crossing both indoor and outdoor areas. Our code will be
released on GitHub'. The present system uses only signs to
localize on public maps. In future work, our approach could
be combined with methods like OrienterNet or Lal.al.oc++,
which leverage dense RGB features for localization.
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