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Figure 1: LandmarkLens highlights navigation-relevant landmarks in a mixed-reality street-view environment. Colored circles
mark predicted landmarks; directional arrows guide users toward highlights outside their field of view.

Abstract

People with a poor sense of direction (SOD) struggle to build cog-
nitive maps for effective spatial navigation, and existing naviga-
tion tools prioritize efficiency over spatial learning. We present
LandmarkLens, a mixed-reality navigation system that highlights
landmarks informed by empirical navigation strategies of skilled
navigators, layered on top of turn-by-turn directions. To inform
LandmarkLens, we conducted a landmark attention study with 20
participants (ten good SOD, ten poor SOD) who navigated across
four Tokyo neighborhoods in virtual reality (VR). We found system-
atic group differences in where they look, what they verbally iden-
tify as navigation cues, and what types of landmarks they consider
effective. We then used these formative study insights to instruct a
vision-language model (VLM) to identify navigation-relevant land-
marks in LandmarkLens and conducted a follow-up study with eight
poor-SOD participants against a turn-by-turn baseline. Participants
showed improved performance in scene recognition, suggesting
that guided landmark attention can support landmark-level spatial
knowledge acquisition for people with poor SOD, a first step toward
broader spatial learning.
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1 Introduction

Navigating unfamiliar urban environments is a common and im-
portant daily task, yet for people with poor sense of direction
(SOD) [16, 21], it is a source of stress and anxiety [13, 21, 49].
People with poor SOD are less likely to explore unfamiliar en-
vironments [13, 21] and report greater dependence on GPS-based
navigational tools [13, 17, 49]. While existing navigation tools guide
users from point A to B efficiently, their turn-by-turn directions
distract attention away from environmental features [9, 17, 56],
impairing users’ spatial knowledge acquisition over time [6, 20, 40]
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and undermining the spatial awareness needed to navigate inde-
pendently and confidently [13, 21].

Prior work has shown that the ability to navigate unfamiliar en-
vironments depends on cognitive mapping, the process of acquiring,
representing, and using knowledge about the surrounding envi-
ronment [21]. Central to this process are landmarks: objects that
are stationary, distinct, and salient, serving as reference points for
building mental representations of the environment [34]. Select-
ing effective landmarks is correlated with a person’s SOD: people
with good SOD! select fewer but more effective landmarks [23].
However, prior work has characterized these differences primarily
through verbal self-reports [23], leaving two open questions: (1)
how do the gaze patterns of good and poor navigators differ during
navigation, and (2) can translating skilled navigators’ landmark
attention patterns into a mixed-reality attention-guidance system
improve spatial knowledge acquisition for people with poor SOD?

To address the first question, we conducted a landmark attention
study in VR with 20 participants, split evenly by SOD as measured
by the Santa Barbara Sense-of-Direction (SBSOD) scale [16]. Using a
custom navigation system rendering 360° street-level imagery with
integrated eye tracking, participants navigated routes across four
Tokyo neighborhoods while verbally describing navigation-relevant
features. We collected concurrent gaze and verbal data, enabling
us to analyze not only what participants said they noticed but also
what they actually looked at — a combination that prior landmark
selection studies have not examined. We found systematic group
differences in both gaze behavior and landmark articulation. Good
navigators surveyed a significantly broader horizontal extent of the
scene through both wider gaze spread and greater head rotation,
and their verbal descriptions disproportionately referenced durable
wayfinding cues such as signage and permanent store markers.
Poor navigators, by contrast, more frequently referenced transient
and incidental features such as campaign posters, parked bikes,
and decorative details. These findings extend prior verbal-report
studies [23] with gaze evidence, confirming that the groups differ
not only in what they articulate but also in how they visually scan
the environment.

Building on these findings, we introduce LandmarkLens to ad-
dress the second question: whether guiding attention toward ef-
fective landmarks can improve spatial knowledge acquisition for
people with poor SOD. LandmarkLens is a mixed-reality (MR) navi-
gation system that highlights landmarks informed by the attention
patterns and articulation strategies of skilled navigators, layered
on top of conventional turn-by-turn directions. For instance, the
system might highlight a neighborhood name sign that people typ-
ically overlook, a rearward anchor point linking a new street back
to the previous one, or a distant tower that orients the pedestrian
within the broader cityscape.

To make this approach scalable beyond our study participants,
we translated the empirical findings into a landmark prediction
pipeline. We used gaze distributions from good navigators to crop
input imagery to navigation cues, and qualitative insights from
their verbal descriptions to construct vision-language model (VLM)
prompts that simultaneously promote effective reference points and

Throughout this paper, we use “good/poor sense of direction”, “good/poor naviga-
tors”, and “skilled/unskilled navigators” interchangeably to refer to participants who
scored >5.0 or <3.5 on the SBSOD scale [16], respectively.

Lietal

suppress the transient features poor navigators tend to over-encode.
The resulting MR interface applies the VLM to street-view imagery
to predict and present landmarks along a route, overlaying gaze-
interactive highlights on the scene with dynamic arrows guiding
users toward landmarks they have not yet noticed and a dwell-based
dismiss interaction that encourages deliberate attention to each one.
To our knowledge, LandmarkLens is the first system to leverage
skilled navigators’ gaze behavior and landmark recognition as an
attention-guidance mechanism for people with poor SOD.

We evaluated LandmarkLens in a controlled VR study with eight
participants who scored < 3 5 on the SBSOD scale. Participants
navigated two routes, one using LandmarkLens and one using
a turn-by-turn navigation baseline, with route and condition or-
der counterbalanced. Following [55], we assessed spatial knowl-
edge through three tasks: scene recognition, route choice, and map
sketching. Participants using LandmarkLens showed significantly
higher scene recognition accuracy and recalled nearly twice as
many landmarks in map sketches compared to baseline, while route
choice accuracy and map structural accuracy remained comparable
across conditions. These results suggest that landmark attention
guidance primarily enhances landmark encoding without disrupt-
ing route or survey knowledge, offering a promising direction for
future MR navigation systems that support spatial learning.

In summary, our contributions are: (1) a landmark attention
study with 20 participants revealing that good navigators scan a
broader horizontal extent of the scene and verbally reference more
durable wayfinding cues, while poor navigators disproportionately
encode transient and incidental features; (2) LandmarkLens, an
MR navigation system that translates these empirical findings into
a VLM-based landmark prediction pipeline and presents naviga-
tion-relevant landmarks through gaze-interactive overlays, aug-
menting turn-by-turn directions to encourage environmental en-
gagement; (3) a preliminary within-subjects evaluation with eight
participants showing that landmark attention guidance signifi-
cantly improves scene recognition accuracy, with qualitative in-
sights that inform future landmark-based MR navigation; (4) an
open-source dataset of over 3,000 8K 360° street-view images
with gaze and landmark annotations across Tokyo, supporting
future research in HCI, environmental psychology, and spatial
cognition. All data, code, and study materials are available at
https://github.com/makeabilitylab/landmarklens.

2 Related Work

We situate our work at the intersection of spatial cognition, individ-
ual differences in navigation, and landmark-enhanced MR systems.

2.1 Landmarks, Routes, and Cognitive Maps

Our system design and evaluation build on Siegel and White [42]’s
widely adopted trichotomy of spatial knowledge: landmark knowl-
edge, recognizing discrete objects or scenes; route knowledge, en-
coding landmark sequences and the actions they trigger (e.g., turn
left at the church); and survey knowledge, building a cognitive map
of the environment (e.g., [21, 25, 35, 54, 55]).

Central to all three levels are landmarks: stationary, distinct,
and salient objects that serve as reference points for construct-
ing mental representations of the environment [34]. Researchers
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Figure 2: Our custom VR street-view navigation system for the landmark attention study. Directional arrows indicate available

movement options, turn noti cations appear at intersections.

have classi ed landmarks by saliency visual, cognitive, or struc-
tural [26 44 and by visibility: global landmarks (e.g., mountains

or tall buildings) provide broad orientation from afar, while lo-
cal landmarks aid navigation at close-range decision poidg.[
Route knowledge builds on landmarks through associative mem-
ory [18, encoding landmark-place relationships (when | see the
town hall, | am at the town cente8]]), place-action pairings (turn
left at the town hall $1]), and sequential order (once | pass the town
hall, I will arrive at the restaurant4g). The most challenging level

is survey knowledge a con gurational, map-like representation
encoding the environment's layout and the spatial relationships
among landmarks37, 48. Acquiring it requires integrating sep-
arately learned landmarks and routes within a common frame of
reference, demanding understanding that extends beyond any sin-
gle viewpoint [21, 33, 55].

In LandmarkLens, we evaluate all three levels: following Wen
et al [55]'s task design, our evaluation assesses scene recognition
(landmark knowledge), route choice (route knowledge), and map
sketching (survey knowledge), enabling us to measure how land-
mark attention guidance a ects spatial learning at each level.

2.2 Individual Di erences in Cognitive Mapping

Individuals di er widely in cognitive mapping ability L6 21, 22 52

54], from expert navigators [30] to those with severe navigational
impairments [L9. The Santa Barbara Sense-of-Direction Scale (SB-
SOD) 1§, a self-report questionnaire assessing navigational abili-
ties on a 7-point scale, has become the most widely used instrument
for measuring these di erences (e.g., [22, 23, 53 55]).

These di erences have practical consequences: poor cognitive
mapping leads to spatial anxiety2f and over-reliance on GPS-
based navigation toolsl[3, which in turn draw attention away from
environmental featuresg, 10, reduce active route planningdg,
and impair spatial learning over the long ternd{] creating a
vicious cycle in which poor navigators become increasingly depen-
dent on tools that further attenuate their spatial learning.

Researchers have explored interventions including repeated
route exposure $0, practice with feedback24], and verbalization
during learning [5]. Of particular relevance is the role of landmark
attention: Ishikawa and Nakamurf23] found that people with
good SOD select fewer but more e ective landmarks, while peo-
ple with poor SOD select unreliable features. This raises a natural
guestion: can instructing people to attend to e ective landmarks
facilitate cognitive mapping? To date, this remains untestad|[

We designed LandmarkLens to investigate this possibility.

2.3 Landmark Enhancements in MR

Landmark-based navigation systems e ectively support way nding
and spatial knowledge acquisitiori ], 57, and AR takes this fur-
ther by integrating virtual cues into the user's real-world view].

For indoor navigation, researchers have used AR to enhance land-
marks for mental map development§, label semantic land-
marks to promote spatial learning?d, support older adults with
landmark-based instructions3g, and augment landmark percep-
tion for people with low vision [3]. For outdoor urban environ-
ments, commercial tools such as Google Maps Live View remain
limited to superimposing arrows and text, while recent research
has explored landmark-based approaches including 3D virtual land-
mark maps b9, destination landmark overlays3Z, and detection
models trained on researcher-curated salient landmarks [39].

A key question across these systems is how landmarks are se-
lected. In much prior work, selection has been determined by re-
searchers based on general saliency principles (e3g), fwhile
more recent approaches have adapted selection based on user famil-
iarity [ 61], formative studies with target users3[, or computational
detection models39. However, none of these approaches ground
landmark selection in the cognitive and perceptual di erences be-
tween good and poor navigators. LandmarkLens bridges this gap by
identifying landmark attention patterns from people with good SOD
and using them to guide people with poor SOD, directly addressing
the open question of whether attention to e ective landmarks can
facilitate spatial knowledge acquisition [21].

3 Landmark Attention Study

To understand how people with good versus poor SOD attend to
landmarks during urban navigation, we conducted a study com-
bining eye gaze tracking and verbal descriptions. Prior work has
examined landmark selection through verbal reports alo28{
our study extends this by collecting concurrent gaze and verbal
data from 20 participants navigating street-view routes across four
Tokyo neighborhoods in VR.

3.1 Participants

We recruited 20 participants through university mailing lists and
snowball sampling. Potential participants completed a screening
survey that included the SBSOD questionnaite€[ We selected the
rst ten respondents who scored 50 (good SOD) and the rst ten
who scored 3’5 (poor SOD); these cuto s are consistent with4

and fall above and below the population mean of 4.2€ 1"1)
reported in a cross-cultural validation of the SBSOD sc&§.[The
mean SBSOD score was §.0%f 07) for the good group and 2.9

(( =075) for the poor group.
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Participants had a mean age of 26(9€ 26) in the good group
and 28.2(( = 4"1) in the poor group. The good group included
two women and eight men; the poor group included six women

Lietal.

Routes. Participants completed eight routes. After each route, par-
ticipants removed the headset, verbally described the route they
had just taken including any visual clues and directions they could

and four men. Participants were compensated with a JPY ¥5,000 recall. As pilot participants preferred sketching during recall, we

gift card. See Appendix Table 3 for full participant information.

3.2 Apparatus

Street-level Imagery. We collected 360 street-level imagery from
four Tokyo neighborhoods, selected based on Almazan efll
categorization of Tokyo's urban archetypes: Nezu (Village Tokyo),
Koeniji (Local Tokyo), Ginza (O ce Tower Tokyo), and Kinshicho
(Mercantile Tokyo). We captured 3@0nelapse video at 8K resolu-
tion using GoPro Max2. The videos were segmented into equirect-
angular photo frames at 0.1 second intervals, yielding a total of
3,120 panoramic images.

Route Selection. Each neighborhood contained 11 routes: one
common route walked by all 20 participants, and ten unique routes
assigned one per participant (Figure 14). A total number of 2,377

panoramas were included. Common routes enable direct gaze com-

parison across participants, while the unique routes maximize im-
agery diversity. Routes were balanced for number of images and
number of turns within each neighborhood. Each participant nav-
igated eight routes (one common + one uniqueour neighbor-
hoods). To mitigate ordering e ects on gaze data, route order was
counterbalanced across participants using Latin square design.
VR System. We developed a custom street-view navigation appli-

cation in Unity, deployed on a Samsung Galaxy XR headset (Qual-

comm Snapdragon XR2+ Gen 2, 3552840 per-eye micro-OLED
display, 109 horizontal eld of view, four eye-tracking cameras).
The application renders each equirectangular panorama on the inte-
rior of a sphere surrounding the user. Participants navigated using
a handheld controller. Transitions between panoramas were ren-
dered as cross-fade animations, with a turn animation applied when
changing direction at intersections. Directional arrows indicated
available movement options at each panorama, and turn noti ca-
tion overlays (e.g., Turn Right , Rightturn ahead ) appeared when
approaching intersections to guide participants along the route.
The system logged eye gaze origin, gaze direction, gaze hit point on
the panorama (UV coordinates), head position, head rotation, and
input events at the headset's native sampling rate (72 Hz); audio
was recorded using an external clip-on microphone.

3.3 Procedure

Introduction. Following a two-participant pilot that informed our

introduction script and task guidance, each session began with an
introduction to the study and informed consent. The researcher
showed participants screenshots explaining the navigation controls.
Participants were then tted with a Samsung Galaxy XR headset

also provided pen and paper.

Retrace. Participants were informed at the outset that one route
would be randomly selected for them to navigate again from mem-
ory. In practice, this was always the nal route, ensuring partici-
pants remained attentive to navigation cues throughout all routes.
Debrie ng. After all routes were completed, we debriefed partici-
pants, answered any questions about the study, and showed them
the routes on a map upon request.

3.4 Analysis

We analyzed participants' gaze behavior along four dimensions:
gaze spread, xation rate, xation duration, and head rotation. For
gaze spread, we computed the standard deviation of gaze hit coor-
dinates on the equirectangular panorama. For xation detection,
we used the I-DT algorithm41] with a dispersion threshold of
0.02 in UV space and a minimum duration of 150 ms. We tted
linear mixed models for gaze spread and head rotation, and Gamma
generalized linear mixed models for xation rate and duration. For
the retrace task, we modeled intersection-level accuracy using a bi-
nomial generalized linear mixed model with group as a xed e ect
and route and participant as random intercepts. One participant
(Al17) was identi ed as an outlier via the™® IQR criterion on
session duration, gaze spread, and head rotation, and was excluded
from all quantitative analyses, yielding a nal sample of ten good
and nine poor navigators.

We transcribed participants' verbal landmark descriptions and
analyzed them using a hybrid deductive-inductive coding ap-
proach ). One researcher developed an initial codebook based
on landmark categories from prior workZ3 44, then iteratively
re ned it as new codes emerged. To establish reliability, a second
researcher independently coded two transcripts, one from each
SOD group. Disagreements were discussed until consensus was
reached. The remaining 18 transcripts were then recoded using the
revised codebook.

3.5 Results

Our dataset contained approximately 1.65 million gaze samples
across 19 participants, of which 804K were recorded on common
routes. The good SOD group contributed a mean of 76,626 samples
per participant ( = 17578), and the poor SOD group contributed
amean of 75,169 (= 15099). Mean total session duration was
75.4 minutes(( = 120) for the good group and 71.5 minutes

(( =10"2) for the poor group.

3.5.1 Gaze Behavior. On common routes, good navigators exhib-

and eye gaze tracking was calibrated. A gaze visualization sphere ited signi cantly greater total gaze spread than poor navigators

was brie y shown to con rm tracking accuracy, then turned o .

Practice. Participants completed a short practice route (26 images
from an unused Nezu route) to familiarize themselves with the
system. They were given the task instructions: Imagine you are

giving directions to someone who is visiting this area for the rsttime.

(111P = 555,? Y '05,[3 = "25; good" = 0"131,( = 0026;
poor:" = 0"111( = 07028). This di erence was driven by hor-
izontal spread (t 1s17P = 6"16,? Y '05,[ 3 = "27), while vertical
spread did not di er between groups { 1e1P = 0'87,? = "363,
[5 = "05). In our analysis of xation rate (i.e., how frequently

As you navigate each route, please verbally describe any featurgzarticipants locked onto a location) and mean xation duration

along the way that you think would be helpful as navigation clues.

(i.e., how long each xation lasted), we found no signi cant group
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