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Perceived safety in streetscapes depends on where people look, yet how gaze relates
to visual cues of urban disorder remains poorly understood. Prior work treats safety
as an image-level label, offering little insight into how attention to specific elements
(e.g, buildings, greenery, people, signs of decay) shapes these judgments. We present a
head-mounted eye-tracking study in which 30 participants viewed and rated the safety
of 150 street-view images from Rio de Janeiro using a HoloLens 2 headset. Gaze traces
were mapped onto semantic segments and disorder cues (e.g., damaged walls, graffiti,
overhead cables), yielding a multimodal dataset linking gaze dynamics, scene seman-
tics, and safety scores. To analyze it, we introduce URBANGAZEV1s, an interactive visual
analytics system with image- and participant-centric views that connects the spatial,
temporal, and semantic dimensions of gaze to perceived safety, supporting comparisons
between safe and unsafe scenes, inspection of divergent ratings for similar images, and
region-of-interest analysis via glyph-based summaries. Statistical models show that
sustained attention to physical disorder is associated with lower perceived safety, while
the visual analysis reveals context-specific effects often masked by global aggregation.
Together, these analyses offer actionable insights for urban design and planning.

© 2026 Elsevier B.V. All rights reserved.

1. Introduction

feature well-maintained, orderly infrastructure (Fig. 1.a), while
others show pronounced disorder, such as degraded walls, litter,

Perceived safety in streetscapes is strongly shaped by visual
attention, yet the relationship between gaze behavior and ur-
ban disorder remains poorly understood. Broken Windows The-
ory [1] and subsequent empirical work [2, 3] suggest that visi-
ble signs of neglect, such as deteriorated facades and damaged
infrastructure, reduce perceived safety and reinforce cycles of
disorder, with downstream effects on behavior, crime, and men-
tal health. Yet most approaches model safety at the image level,
even though recent studies [4] suggest that individual disorder
cues, such as overhead cables or structural damage, may affect
perception differently. Real-world streetscapes are also struc-
turally and socially heterogeneous: as Fig. 1 shows, some areas
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and irregular architecture (Fig. 1.b). Understanding how atten-
tion navigates these conflicting cues requires moving beyond
static, image-level safety scores toward a spatiotemporal visual
analytics approach. Street View Imagery (SVI) has enabled
large-scale safety studies pairing street scenes with crowd-
sourced judgments, as in StreetScore [5], Scenic-or-Not [6],
and Place Pulse [7]. However, these approaches mainly cap-
ture overall safety or aesthetic appeal, treating scenes holisti-
cally rather than revealing where people look or how attention
unfolds over time during evaluation [8, 9, 10]. Recent immer-
sive and eye-tracking studies begin to address this: virtual and
mixed-reality setups allow controlled study of factors like light-
ing, greenery, and density in relation to safety, beauty, and live-
liness [11], and eye-tracking in urban contexts [12] identifies


http://www.sciencedirect.com
http://www.elsevier.com/locate/cag

2 Preprint Submitted for review / Computers & Graphics (2026)

Figure 1: Visual and structural heterogeneity within the UrBaNGAzE
dataset. These representative Street View panoramas from Rio de Janeiro illus-
trate the contrasting urban stimuli evaluated in our study. (a) Well-maintained
environments characterized by orderly infrastructure, clean sidewalks, and pre-
served vegetation, providing examples associated with higher perceived safety.
(b) Streetscapes exhibiting pronounced physical disorder, including degraded
fagades, uncollected litter, and disorganized overhead cables.

regions that draw attention. Still, results are typically summa-
rized with static, aggregated fixation maps, obscuring the dy-
namic, temporal, and semantic dimensions of attention.

In this work, we adopt a visualization-first perspective. We
conduct a head-mounted eye-tracking experiment using 150
street-view scenes from Rio de Janeiro, which participants rate
in terms of perceived safety. We use a head-mounted optical
see-through (OST) headset as a self-contained apparatus for
controlled 2D stimulus presentation and gaze capture. Gaze
traces are projected onto semantically segmented scenes (e.g.,
buildings, sidewalks, and trees) and annotated with disorder
cues, including deteriorated walls, overhead cables, garbage,
and graffiti. This produces a multimodal dataset integrating
scene content, visual attention patterns, and perceived safety
ratings. To analyze these data, we introduce URBANGAZEVTs,
a visualization system for exploring eye-tracking data in ur-
ban safety studies. UrBaNGAzEVIs supports post hoc inspec-
tion of spatiotemporal gaze behavior in relation to semantic re-
gions and safety judgments, linking gaze trajectories, fixation
patterns, and scene elements to support both hypothesis gener-
ation and evidence assessment for researchers and practitioners.
Our contributions are threefold:

Head-mounted eye-gaze collection methodology. A head-
mounted eye-tracking protocol for selecting, filtering, and as-
signing SVI, including calibration, trial design, and quality con-
trol, to collect curated safety judgments.

UrBaNGAZE dataset. A multimodal dataset of Rio de Janeiro
street-view images with safety ratings, eye-tracking data, se-
mantic segmentations, and participant metadata for urban per-
ception research.

UrBaNGAZEVIs visualization system. An interactive system
that overlays dynamic gaze information on semantically seg-
mented scenes, enabling exploration of gaze paths and fixation
patterns in relation to safety scores through domain-inspired
case studies.

All datasets, supplemental materials, and source code will be
made available upon acceptance, in accordance with the venue’s

anonymization guidelines.

2. Related Work

This research lies at the intersection of five pillars: (i) Urban
Perception and Computer Vision, (ii) Environmental Criminol-
ogy, (iii) Eye-Tracking for Urban Perception, (iv) Immersive
and Mixed Reality in Urban Visualization, and (v) Visual Ana-
Iytics for Eye-Tracking Data.

Urban Perception and Computer Vision. Urban percep-
tion research examines how the built environment is visu-
ally characterized and how people judge properties such as
safety from street-level imagery [13, 14, 15]. Large-scale im-
age collections paired with crowdsourced judgments, such as
Place Pulse and StreetScore [16, 5], support questions such as
“What makes Paris look like Paris?” [17] and “What makes a
place feel safe?” [18]. Early work relied on hand-crafted fea-
tures; later approaches adopted CNNs to predict perceived at-
tributes [19, 20, 7], and more recent methods relate semantic
scene content to safety and other judgments [21, 22], bridg-
ing perception studies and visual analysis. Most of these ap-
proaches treat perception as an image-level label, learning from
global ratings without observing how viewers explore a scene.
Our work extends this line by linking safety judgments to where
observers look, using semantic classes and disorder cues in an
interactive visual analytics workflow.

Environmental Criminology. While computer vision frame-
works traditionally model urban perception through passive
image-level feature extraction, environmental criminology es-
tablishes safety perception as a dynamic cognitive tension be-
tween physical infrastructure and social activity. This per-
spective draws on foundational frameworks in environmental
criminology— routine activity theory [23], crime pattern the-
ory [24], and situational crime prevention [25]—which we in-
voke not as models of crime occurrence but as an interpre-
tive lens for how everyday spatial routines and the configu-
ration of the built environment shape where people perceive
safety or threat. Jane Jacobs’s “eyes on the street” [26] and
Oscar Newman’s “defensible space” [27] further assert that hu-
man presence and street vitality fundamentally alter how an en-
vironment is monitored and interpreted, principles underlying
Crime Prevention Through Environmental Design (CPTED),
which identifies “natural surveillance” as a primary psycholog-
ical mitigator of perceived threat. Rather than treating pedestri-
ans, crowds, and street activity as mere geometric or baseline
semantic classes, our approach conceptualizes human presence
as an active social cue that can dynamically modulate how ob-
servers interpret co-occurring signals of physical disorder.

Eye-Tracking for Urban Perception. Eye-tracking method-
ologies offer a window into spatial cognition, decomposing vi-
sual attention into fixations, saccades, and scanpaths [12, 28].
Desktop and head-mounted eye-tracking systems involve dif-
ferent trade-offs in sampling rate, head-movement tolerance,
calibration, and stimulus presentation, and the appropriate
choice depends on the study design [11, 12] . As synthesized
by Moreno-Arjonilla et al. [29], integrating head-mounted eye
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gaze evolves across a session to detect learning or fatigue ef-
fects (T2.2).

T3: Linking gaze, semantics, and safety assessments (DG3)
relates fixations on semantic categories and disorder cues to the
safety rating for a specific image (T3.1), and compares a partic-
ipant’s semantic focus and gaze coverage with their score dis-
tribution to inspect rating consistency across visually similar
images (T3.2).

These tasks inform UrRBANGAZEVIS’s two main components:
a By-Image view for image-centric tasks (T1.1, T2.1, T3.1) and
a By-Participant view for participant-centric tasks (T1.2, T2.2,
T3.2), detailed in Sec. 6.

4. UrBaNGAZE Dataset

Fig. 2 summarizes our end-to-end workflow, from mul-
timodal dataset curation using SVI and head-mounted eye-
tracking to the interactive visual analytics environment detailed
in Sec. 6. This section covers the first phase: constructing Ur-
BANGAZE.

4.1. Image Curation and Semantic Extraction

We curated a compact but diverse set of streetscapes, dis-
tributed evenly across participants to support the analyses en-
abled by UrBanGAzEV1s. We used the Urban Physical Disorder-
4k (UrbanPD4k) dataset [4], which contains Rio de Janeiro
SVIs with pixel-level annotations of physical disorder cues.
We applied the OneFormer [48] model pre-trained on ADE20K
dataset to obtain urban elements. To support fine-grained anal-
ysis in URBANGAZEV1s, we define four cases based on data:

ADE20K (baseline): 150 segmentation classes (e.g., car, build-
ing, tree, road).

Grouped-ADE (7 macro-classes): 7 segmentation group
classes: City Elements, Construction, Floor, Human, Sky, Ter-
rain Vehicle, and Vegetation.

ADE20K+UrbanPD4k: Adds physical disorder classes:
Overhead cables, Graffiti, Broken/Damaged Bricks Wall, Dam-
aged Pavement/Road, Car Taxi, Damaged Traffic Sign, Garbage
Bag, Garbage Box, Kiosk, Exposed Overhead Cables, and
Trashcan.

Grouped-ADE + UrbanPD4k: Groups and disorder classes.

4.2. Multivariate Stratified Sampling

We used multivariate stratified sampling to select a subset
suitable for a controlled experiment while preserving the visual
diversity of the full dataset. Rather than manually normalizing
for varying traffic or pedestrian counts, we formulated the se-
lection as an Integer Linear Programming (ILP) problem over
the baseline ADE20K segmentation layouts. For each structural
and social class (e.g., buildings, roads, vegetation, cars, pedes-
trians), pixel-ratio distributions were partitioned into quartiles,
and the ILP solved for a balanced sample of 150 images with
equal representation across all baseline strata (e.g., vehicles,
pedestrians, vegetation), though it does not model all acquisi-
tion conditions such as time of day. This balancing mitigates
the risk of any single layout category acting as an uncontrolled

confound, giving our post-hoc regression models the statistical
stability to isolate the perceptual weights of general infrastruc-
ture and co-occurring disorder features. Mathematical details
of the ILP objective and constraints are in Appendix A.

4.3. Image Assignment Protocol

To balance the experimental design without participant fa-
tigue, the 150 images were distributed via randomized block
assignment. The 30 participants were split into three blocks of
10 raters each, with each block evaluating a unique subset of 50
streetscapes drawn from the ILP strata. Within each evaluation
session, these 50 images were presented to the participant in
a completely randomized sequence. This guarantees every im-
age was evaluated by exactly 10 distinct participants, mitigating
systematic presentation-order bias while maintaining structural
symmetry across the sparse measurement matrix (full matrix
in Appendix B).

4.4. PFarticipant Study and Data Collection

To build UrBanGazg, we conducted a controlled experiment
in which participants rated the safety of SVI while their eye
movements were recorded.

Participant demographics and inclusion criteria. We re-
cruited 30 volunteers via institutional mailing lists, with in-
formed consent obtained prior to participation. The cohort in-
cluded 16 undergraduate, 9 master, and 5 doctoral students in
fields such as urban planning, computer science, and social sci-
ences. Twenty participants were Brazilian (from seven states),
seven Peruvian, and three Paraguayan. Ages ranged from 19 to
43 (median = 23.8, SD = 5.2), with 20 men and 10 women. Par-
ticipants with conditions incompatible with head-mounted eye
tracking were excluded. In total, the study yielded 1,500 tri-
als. We used a Microsoft HoloLens 2 solely as a head-mounted
eye tracker, chosen to integrate calibration, stimulus presenta-
tion, and gaze capture in one setup. Each SVI was shown as
a flat 2D stimulus on a frontoparallel virtual plane at 2.0 m
(800x600 px); using the standard Eye Tracking API [49], we
recorded the single eye-gaze ray (origin and direction) at ap-
proximately 30 Hz and intersected it with this plane to obtain
2D coordinates. Dedicated desktop trackers offer higher sam-
pling rates and remain viable alternatives; we account for the
resulting spatial uncertainty through the smoothing model in
Sec. 5. Each session began with a nine-point gaze calibration
and a brief familiarization phase with reference images. Dur-
ing main trials, participants viewed each image for 15 seconds
while gaze data were recorded continuously, then rated per-
ceived safety on a 1-10 Likert scale via a handheld controller.
Sessions lasted about 25 minutes; additional protocol details are
in Appendix C.

Experimental Controls and Noise Mitigation. All sessions
were conducted in a dedicated, climate-controlled laboratory.
Participants faced a blank, matte-white wall, and stimuli were
rendered at maximum opacity so that the physical background
could not show through or trigger exogenous saccades and pe-
ripheral distractions. Each entry in the resulting URBANGAZE
dataset includes:
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Figure 3: By-Image component of UrBaANGAZEVIs. (a) Control panel for selecting the image, participant filters, point type (gaze or fixation), and semantic
representation. (b) Image View showing the selected streetscape with optional overlays for gaze points, density contours, and heatmap, and access to the Glyph
View for selected regions. (¢) Glyph View, triggered from a circular region of interest in the Image View, summarizing visual exploration within the selected bounds
over the 15 s trial: stacked radial bars encode participant counts per 1 s segment. (d) Attention View (Participant Attention Summary) summarizing Total Attention or
normalized Attention Intensity (AttIn) by participant (columns) and semantic class (rows). (e) Temporal View (Temporal Participant Attention) using a scarf-timeline
chart to show, for each participant, which semantic class is fixated at each moment during the 15 s viewing period. Participant traceability is maintained interactively

via tooltips and single-user filtering.

o A street-view image and its geographic coordinates (lati-
tude and longitude);

o A temporal sequence of gaze points (x, y, t) recorded dur-
ing the 15-seconds observation interval;

e A Likert-scale safety rating (1-10), where 1 denotes
“very unsafe” and 10 denotes “very safe”.

5. Dataset Validation and Robustness

Before integrating the collected multimodal data into Ur-
BANGAZEV1s, we conducted a quantitative validation of the
dataset, assessing signal stability, inter-rater reliability, and
structural validity.

5.1. Hardware Robustness and Spatial Uncertainty

Robustness was first addressed at the hardware level to
minimize coordinate mapping uncertainty and segmentation-
boundary noise. Due to the inherent physiological and hard-
ware jitter of head-mounted eye tracking, raw fixation points
were modeled as attentional catchment areas rather than abso-
lute pixel coordinates. We applied a Gaussian smoothing kernel
with a standard deviation of o = 10.68 pixels. This smooth-
ing parameter was not empirically tuned; it was analytically
derived from the Microsoft HoloLens 2 empirical angular pre-
cision (0.24°) and the effective pixel-per-degree resolution of
our display setup to map hardware uncertainty into the stimu-
lus space (see Appendix F for the geometric derivation). This
provides a reliable foundation for evaluating attention on small,
complex urban cues.

5.2. Inter-Rater Reliability Analysis

To evaluate the consistency of urban safety perceptions
across participants, we performed a rater calibration anal-
ysis tailored for sparse rating matrices. Given our IlI-
Structured Measurement Design (ISMD)—where 30 partici-
pants evaluated overlapping but incomplete subsets of the 150
images—traditional Intraclass Correlation Coefficients (ICC)
based on balanced ANOVA are mathematically biased.

Following Putka et al. [50], we used a Linear Mixed-Effects
Model (LMM) with crossed random effects to isolate the vari-
ance components of the 1,500 observations, partitioning total
variance into the urban scene (signal), the participant (subjec-
tive bias), and residual noise. The model-based reliability coef-
ficient G(q, k) was computed as follows:
Z
G(q.k) = —

)
40 at0res
O-img + k

(M

Where k = 10 is the number of raters per image, and g = 0.67
is the coefficient of non-overlap derived from our sparse ma-
trix layout (¢ = 1 — k/Nio1), reflecting that each image was
evaluated by one-third of the pool. The analysis yielded a high
inter-rater reliability of G(gq, k) = 0.812. In behavioral research,
values above 0.80 indicate robust consensus, indicating that 10
raters per image provide sufficient reliability to capture collec-
tive perception in this study.

5.3. Baseline Variance Decomposition

To validate the dataset structure, a baseline LMM was fitted
with participants as random effects to account for variance in
baseline severity or leniency. This model achieved an ICC of
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Supplementary Material

Supplementary material that may be helpful in the review
process.

Appendix A. Multivariate Stratified Sampling Optimiza-
tion

To preserve the diversity of visual element proportions, we
used a multivariate stratified sampling scheme [63]. For each
visual element v € V, we compute its pixel-ratio distribution
over all images and divide it into quartile groups g € G,. Let
S,¢ be the set of images whose proportion of element v falls
into quartile g, and let s be the desired sample size. We select a
binary vector x = (xy,...,x,), where x; = 1 if image i is kept,

by solving:
objective: max Z X (A.1)
i=1
. s
subject to: lmJ < ; xi YveV,VgeG, (A2)
v v =

which enforces a minimum number of selected images in
each quartile across all visual elements, yielding the final 150-
image subset.

Appendix B. Randomized Image Assignment Matrix

Given n,, participants # and n; selected images 1, we require
that every image be rated by exactly Ky distinct participants and
every participant view exactly Ky images, with n;Kp = n,Ky.
In our study, we targeted Kp = 10 ratings per image. We imple-
ment a randomized assignment procedure that iteratively fills
an n,, X n; binary matrix V such that:

p
va,,- - Kp Viel, (B.1)
p=1
D Voi=Kr Vpe®, (B.2)
i=1

where V,,; = 1 denotes that participant p views image i.

Appendix C. Extended Experimental Protocol and Hard-
ware Setup

This study was conducted with approval from the Institu-
tional Ethics Committee of our university. The experiment
followed a standardized protocol with three main phases, last-
ing at most 25 minutes to avoid fatigue [64, 65]. Fig. C.1 shows
the complete experimental protocol for eye-gaze data collec-
tion.

Calibration: The HoloLens 2 device was cleaned between
sessions. We performed a nine-point gaze calibration routine,

monitoring accuracy in real time. Following established bench-
marks, our setup maintained a quantitative spatial accuracy of
0.77° £0.35° at the 2.0m focal distance used for stimuli projec-
tion.

Task familiarization: Participants viewed two reference im-
ages—one clearly perceived as unsafe, one as safe—for 15s
each to confirm stable tracking.

Safety rating trials: To prevent visual carry-over effects and
ensure stable semantic scenes, we implemented a 5-second in-
terval buffer between stimuli. Any trial failing to meet the 15-
second viewing duration due to system interruption was auto-
matically discarded.

Appendix D. ICE-T Questionnaire and Open-Ended Ques-
tions

The quantitative questions were directly inspired by the ICE-
T framework [61], covering four dimensions: Insight, Con-
fidence, Essence, and Time. Each dimension was assessed
through two statements using a 7-point Likert scale (from “To-
tally Disagree” to “Totally Agree”).

Insight.

QT1: “In the By-Image view, the ability to switch between at-
tention metrics and segmentation classes helped me identify rel-
evant elements and generate new interpretations of visual atten-
tion.”.

QT2: “The combination of visual representations in the By-
Image view with the metrics in the By-Participant view allowed
me to discover patterns and better understand participants’ ex-
ploration behavior.”..

Confidence.

QT3: “In the By-Image view, the consistency of colors associ-
ated with semantic classes across visualizations, together with
tooltips for inspecting exact values, increased my confidence in
interpreting the data accurately.”.

QT4: “The synchronized coordination between visualizations
and the overlay of gazeffixation points on the image increased
my confidence in the correctness of spatial and temporal align-
ment.”.

Essence.

QTS5: “Both image-centered analysis and participant-centered
analysis facilitated a quick and overall understanding of visual
behavior.”.

QT6: “The system effectively summarizes complex eye-tracking
data by integrating multiple coordinated views, while maintain-
ing clarity.”.

Time.
QT7: “The use of temporal visualization tools allowed me to
quickly relate when participants observed specific elements and
identify dominant attention patterns over time.”.

QTS8: “Filtering options and smooth navigation significantly
reduced the effort and time required to derive insights from eye-
tracking data.”.

The qualitative questions collected open-ended feedback
about the usefulness of the system and potential improvements:
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Urban safety perception assessments

HoloLens eye-gaze
calibration for each and very unsafe — to understan

k participant / k the evaluation task

fStep 1: Calibration\ / Step 2: Familiarization \ /

Users see two images — very safe

j K observed image using a Likert scale from 1 to 10

Step 3: Image assessment task \

Interval
(5 seconds)

Image 1
(15 seconds)

Image 50
(15 seconds)

Each participant will see 50 images during 15 seconds
each, then, we will ask to participant scores the

Figure C.1: Urban safety perception protocol. Step 1: gaze calibration with the HoloLens 2 headset. Step 2: task familiarization using one clearly safe and one
clearly unsafe example image. Step 3: image assessment, in which each participant views 50 assigned images for 15, followed by a 5s rating phase in which

perceived safety is reported on a 1-10 Likert scale.

Table E.1: ICE-T evaluation scores per participant across the four dimensions.

Participant  Insight Confidence Essence Time
P1 6.5 7.0 7.0 7.0
P2 6.0 6.0 6.0 6.0
P3 55 7.0 6.0 55
P4 3.5 4.0 6.0 5.0
P5 5.0 6.5 5.0 6.5
P6 6.5 7.0 6.0 6.5
P7 5.0 6.5 6.5 7.0
P8 55 5.5 55 6.5
P9 6.0 6.0 6.0 6.0
P10 5.5 7.0 6.5 6.5
P11 6.0 6.0 5.5 5.0
P12 5.5 6.5 6.0 4.5
P13 6.5 6.5 6.0 7.0
P14 7.0 7.0 6.5 7.0
P15 6.0 55 6.0 6.5
P16 5.5 5.5 6.0 5.5
P17 7.0 6.5 6.0 6.0
P18 7.0 7.0 7.0 5.0
P19 7.0 6.0 7.0 7.0
P20 6.5 7.0 7.0 7.0
P21 4.5 7.0 7.0 7.0
P22 6.0 5.0 6.5 4.0
Avg. 59 6.3 6.2 6.1

“Considering both the By-Image and By-Participant views,
which visual component, chart, or interaction did you find most
useful for your analysis, and why?” (QL1);*What would you
change, add, or remove from the interface to make it more effi-
cient? Please feel free to include any additional comments or
suggestions about your experience.” (QL2).

Appendix E. ICE-T Results Per Participants

Table E.1 presents the ICE-T scores per participant, indicat-
ing consistently positive evaluations across all four dimensions.

Appendix F. Spatial Uncertainty and Kernel Calculation

To ensure the statistical validity of the Attention Intensity
metric, it is necessary to calibrate the gaze data to account for
the inherent hardware noise of the HoloLens 2. This appendix
details the step-by-step derivation of the spatial kernel (07) and
the area exclusion threshold () used to prevent false-positive
gaze allocations on minute urban elements (e.g., distant over-
head cables or small debris).

Step 1: Angular Precision of the Device
In eye-tracking methodology, spatial precision is the standard
parameter used to define the dispersion of a Gaussian kernel, as
it models the physiological and hardware jitter of a fixation. Ac-
cording to benchmark evaluations [66], the HoloLens 2 exhibits
a spatial precision of 0.24° of visual angle at a focal distance of
2.0 meters, which is the exact distance used in our experimental
setup.

Step 2: Conversion to Pixels Per Degree (PPD)

To translate this angular precision into the 2D pixel space of our
stimuli, we calculated the device’s angular resolution. Based
on the manufacturer’s speciﬁcations1 and hardware evaluations,
the HoloLens 2 displays a resolution of 2,048 x 1,080 pixels
per eye with a diagonal field of view (FOV) of 52° and a diag-
onal of 2,315 pixels. Dividing this by the diagonal FOV yields
an angular resolution of approximately 44.5 Pixels Per Degree
(2,315 px/52° ~ 44.5 PPD).

Step 3: Deriving the Gaussian Kernel (o)

Multiplying the device’s angular precision by the calculated
PPD directly provides the operational standard deviation (o)
for our heatmap generation. Thus, we applied a Gaussian ker-
nel with o = 10.68 pixels (0.24° x 44.5 PPD). This ensures
that the spatial spread of each fixation accurately reflects the
empirical uncertainty of the device.

Step 4: Defining the Area Exclusion Threshold (1)
Finally, to establish a robust noise threshold (7) for semantic
segmentation, we considered an effective noise radius of 2o
(2 x10.68 = 21.36 pixels). In a 2D Gaussian distribution, a 20
radius encompasses over 95.4% of the spatial uncertainty. Geo-
metrically, this margin of error forms a circular area of roughly

1 https://learn.microsoft.com/en-us/hololens/hololens2-hardware
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1,433 squared pixels (A = 7 x 21.36?).

When evaluated against our 800 x 600 stimulus resolution
(480,000 total pixels), this hardware noise floor occupies ex-
actly 0.3% of the visual field (1,433/480, 000 ~ 0.003). To en-
sure an even more robust and conservative analysis, we padded
this noise floor with a safety margin, establishing a strict area
threshold of 7 = 0.005 (0.5%). Any semantic mask or disorder
cue occupying less than this threshold was considered statisti-
cally indistinguishable from hardware noise and was excluded
from the analysis.

Appendix G. Inter-Rater Reliability (IRR) and Rater Cali-
bration

To validate the consistency of urban safety perceptions and
ensure that our findings reflect environmental features rather
than individual biases, we performed a reliability analysis tai-
lored for sparse rating matrices. Given our [ll-Structured Mea-
surement Design (ISMD)—where 30 participants evaluated
overlapping but incomplete subsets of 150 images—traditional
Intraclass Correlation Coefficients (ICC) based on balanced
ANOVA are mathematically biased.

Following the framework proposed by Putka et al. (2008),
we utilized a Linear Mixed-Effects Model (LMM) with crossed
random effects to isolate the variance components of our dataset
(N = 1,500 observations). This approach allows for explicit
rater calibration by partitioning the total variance into three dis-
tinct sources: the urban scene (signal), the participant (subjec-
tive bias), and residual noise. The variance components es-
timated via Restricted Maximum Likelihood (REML) are de-
tailed in Table G.2.

Table G.2: Variance Components for Safety Perception Scores.

Source of Variation  Variance (c) Interpretation

Urban Scene (Image) 0.876 True variance in streetscape quality (Signal)
Participant (Rater) 0.394 Subjective severity/leniency bias (Calibration)
Residual (Noise) 1.766 Unexplained variance and interaction

To calculate the reliability of the aggregated safety scores,
we applied the G(q, k) estimator, which accounts for the partial
overlap between raters in ISMD designs:
2
Glg.k) = -

2
O—img + k

(G.1)

2 2
DO pari+0res

Where k = 10 represents the number of raters per image, and
q = 0.67 is the coefficient of non-overlap for our design. This
coefficient is mathematically derived from the ratio of raters per
image to the total participant pool (¢ = 1 — k/Nyya), reflecting
that each image was evaluated by exactly one-third of our 30-
participant panel (1 — 10/30).

The analysis yielded a high inter-rater reliability of G(g, k) =
0.812. In the context of behavioral research, a value exceeding
0.80 indicates a robust and high level of consensus. This re-
sult confirms that the safety metrics used in URBANGAZEV1s are
highly stable and that the sample of 10 raters per image provides
sufficient statistical power to capture the collective perception
of the urban environment.

Appendix H. Detailed Statistical Results for LMM

This section provides the comprehensive statistical outputs
for the four semantic data evaluated in this study: ADE20K
Base, Grouped-ADE, ADE20K + UrbanPD4k, and Grouped-
ADE + UrbanPD4k. While the main text focuses on the most
predictive features, the following tables provide the full set
of fixed effects, including non-significant predictors, to ensure
transparency and allow for meta-analytical comparisons.

To focus the analysis on strictly structural and urban ele-
ments, broad contextual categories (such as indoor, outdoor,
nature, and miscellaneous) have been excluded from these sum-
mary tables. Each table reports the estimated coefficients (3),
standard errors (S.E.), z-values, Variance Inflation Factors (VIF,
where applicable), p-values, and 95% confidence intervals (CI)
for the visual elements. Predictors are categorized into elements
that positively correlate with perceived safety (Safe) and those
that correlate negatively (Unsafe).

Appendix H.1. ADE20K Base Model Results

Table H.1 presents the results for the baseline ADE20K
classes. This model serves as the primary benchmark for eval-
uating the impact of semantic granularity and disorder cues.

Appendix H.2. Grouped-ADE Model Results

Table H.2 details the results for the macro-level Grouped-
ADE where elements are clustered into broad infrastructure cat-
egories. As discussed in Sec. 9, this model exhibits significant
multicollinearity in certain categories.

Appendix H.3. ADE20K + UrbanPD4k Model Results

Table H.3 provides the complete output for the hybrid model
integrating specific physical disorder cues. This model incorpo-
rates predictors such as “Broken/Damaged Wall” and “Graffiti”,
which emerged as critical indicators of perceived insecurity.

Appendix HA4. Grouped-ADE + UrbanPD4k Model Results

Finally, Table H.4 presents the results for the grouped classes
augmented with disorder categories. This model evaluates
whether the predictive power of disorder cues persists when en-
vironmental infrastructure is analyzed at a macro level.
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Table H.1: Report: ADE20K (baseline)

Predictor Coef. (5) S.E. z-val VIF p-val 95% CI
(Intercept) 5.0917*  0.155 32.790 — <.001  [4.790, 5.400]
Positive (Safe)
Tree 0.195 0.084 2310 3.400 0.056 [0.030, 0.360]
Door 0.182  0.051 3.570 1.300  0.010 [0.080, 0.280]
Palm 0.130 0.056  2.320 1.560  0.056 [0.020, 0.240]
Ashcan 0.113 0.045  2.500 1.020  0.055 [0.020, 0.200]
Fence 0.099 0.093 1.060 4290 0.398 [-0.080, 0.280]
Plant 0.097 0.055 1.760 1.520 0.162  [-0.010, 0.200]
Bus 0.096 0.050 1.910 1.250  0.135  [-0.000, 0.190]
Minibike 0.078 0.047 1.650 1.130  0.190 [-0.010, 0.170]
Streetlight 0.063 0.046  1.390 1.040  0.262  [-0.030, 0.150]
Car 0.036 0.076 0470 2910 0.719 [-0.110,0.190]
Sidewalk 0.004 0.098 0.040 4790 0.970 [-0.190, 0.200]
Negative (Unsafe)
House -0.003 0.054 -0.060 1470 0.970 [-0.110,0.100]
Van -0.016  0.048 -0.330 1.170  0.803  [-0.110, 0.080]
Person -0.030  0.055 -0.550 1.500 0.687 [-0.140, 0.080]
Truck -0.062  0.066 -0.940 2.180 0.448 [-0.190, 0.070]
Stairs -0.064  0.046 -1.390 1.050 0.262 [-0.150, 0.030]
Grass -0.072  0.060 -1.190 1.820 0.352  [-0.190, 0.050]
Earth -0.102  0.097 -1.050 4.740 0.398  [-0.290, 0.090]
Signboard -0.105 0.056 -1.880 1.560  0.135  [-0.220, 0.000]
Field -0.130*  0.046 -2.800 1.070  0.027 [-0.220, -0.040]
Mountain -0.153*  0.047 -3260 1.110 0.013  [-0.250, -0.060]
Pole -0.154*  0.049 -3.180 1.170  0.013  [-0.250, -0.060]
Bridge -0.159*  0.052 -3.060 1.360 0.015 [-0.260, -0.060]
Building -0.179  0.219 -0.820 24.020 0.509 [-0.610, 0.250]
Sky -0.188  0.077 -2430 2450 0.055 [-0.340,-0.040]
Road -0.198  0.122  -1.620 7.520 0.190  [-0.440, 0.040]
Wall -0.370  0.154 -2400 11.820 0.055 [-0.670,-0.070]
Random Effects
Var. SD ICC
Participant 0.665 0.815 0.184
Residual 2.941 1.715 ’

“p <0.05,* p <001, p <0001
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Table H.2: Report: Grouped-ADE

Predictor Coef. (3) S.E. z-val VIF p-val 95% CI
(Intercept) 5.091"*  0.159 32.080 — <.001 [4.780, 5.400]
Positive (Safe)

Vegetation 0.262 0.149 1.760 10.210 0.288  [-0.030, 0.550]

Terrain Vehicle 0.097 0.136  0.710 8550 0.781 [-0.170, 0.360]

Human 0.029 0.065 0450 1930 0.851 [-0.100, 0.160]
Negative (Unsafe)

Construction -0.057 0.306 -0.190 43.290 0.851 [-0.660, 0.540]

Floor -0.073 0.254 -0.290 29.780 0.851 [-0.570, 0.420]

City Elements -0.107 0.070 -1.530 2.260 0.346 [-0.240, 0.030]

Sky -0.178 0.099 -1.790 4.110 0.288 [-0.370, 0.020]
Random Effects

Var. SD ICC
Participant 0.692 0.832 0.179
Residual 3.180 1.783 ’

*p<0.05," p<0.01," p <0.001
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Table H.3: Report: ADE20K + UrbanPD4k

Predictor Coef. (5) S.E. z-val VIF p-val 95% CI
(Intercept) 5.091*  0.159 31.940 — <.001 [4.780, 5.400]
Positive (Safe)
Car / Taxi 0.197** 0.047 4230 1.160 <.001 [0.110,0.290]
Door 0.155* 0.051  3.060 1.360  0.010 [0.060, 0.250]
Tree 0.100 0.083 1.200 3.510 0.302  [-0.060, 0.260]
Plant 0.078 0.053 1.460 1.520  0.238  [-0.030, 0.180]
Trashcan 0.076 0.044 1.720 1.040 0.164 [-0.010, 0.160]
Palm 0.076 0.055 1.390 1.580 0.245 [-0.030, 0.180]
Streetlight 0.052 0.045 1.170 1.050  0.308 [-0.040, 0.140]
Motorcycle 0.041 0.046  0.890 1.140 0412 [-0.050, 0.130]
Bus 0.041 0.049 0.840 1.270  0.429  [-0.060, 0.140]
Fence 0.013 0.089 0.150 4.180 0.884  [-0.160, 0.190]
Negative (Unsafe)
Van -0.047  0.047 -1.010 1.170 0.370  [-0.140, 0.040]
House -0.050  0.053 -0.940 1.500 0.395 [-0.150, 0.050]
Sidewalk -0.061 0.094 -0.650 4.600 0.532 [-0.240, 0.120]
Stairs -0.068 0.045 -1.520 1.060 0.224 [-0.150, 0.020]
Car -0.083 0.074 -1.130 2.870 0.315  [-0.230, 0.060]
Overhead Cable -0.088 0.054 -1.640 1.500 0.184  [-0.190, 0.020]
Truck -0.089  0.065 -1.370 2250 0.245 [-0.220, 0.040]
Person -0.095 0.054 -1.770 1.530 0.159 [-0.200, 0.010]
Grass -0.116  0.060 -1.940 1.880 0.116  [-0.230, 0.000]
Ground -0.117  0.090 -1.300 4.330 0.268  [-0.290, 0.060]
Field -0.138*  0.045 -3.070 1.070  0.010 [-0.230, -0.050]
Garbage Bag -0.142*  0.049 -2900 1.280 0.012 [-0.240, -0.050]
Pole -0.142*  0.048 -2.990 1.210 0.010 [-0.240,-0.050]
Signboard -0.152*  0.055 -2.770 1.590 0.015 [-0.260, -0.040]
Mountain -0.184** 0.046 -4.020 1.120 <.001 [-0.270, -0.090]
Bridge -0.188**  0.051 -3.690 1.370 0.001 [-0.290, -0.090]
Sky -0.200*  0.071 -2.830 2.170  0.014 [-0.340, -0.060]
Graffiti -0.225*  0.075 -2990 2990 0.010 [-0.370,-0.080]
Damaged Pavement -0.229"**  0.056 -4.100 1.650 < .001 [-0.340,-0.120]
Road -0.277*  0.117 -2.360 7.340 0.043 [-0.510, -0.050]
Building -0.293 0.204 -1430 22.120 0.238 [-0.690, 0.110]
Wall -0.326*  0.121 -2.690 7.780 0.018 [-0.560, -0.090]
Broken/Dam. Wall ~ -0.442"* 0.090 -4.930 4270 <.001 [-0.620,-0.270]
Random Effects
Var. SD ICC
Participant 0.707 0.841
Residual 2.774 1.666 0.203

* p <005, p <0.01, p<0.001
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Table H.4: Report: Grouped-ADE + UrbanPD4k

Predictor Coef. () S.E. z-val VIF p-val 95% CI
(Intercept) 5.091*  0.161 31.700 — <.001 [4.780,5.410]
Positive (Safe)
Car / Taxi 0.231**  0.050 4.590 1270 <.001 [0.130,0.330]
Vegetation 0.156 0.138 1.130 9.500 0.425 [-0.110,0.430]
Trashcan 0.085 0.046 1.850 1.050 0.128  [-0.000, 0.170]
Negative (Unsafe)
Terrain Vehicle -0.024  0.124 -0.190 7.710 0.896  [-0.270, 0.220]
Human -0.038  0.061 -0.620 1.870  0.690  [-0.160, 0.080]
Overhead Cable -0.082  0.059 -1.380 1.740 0.299  [-0.200, 0.030]
Construction -0.104  0.275 -0.380 37.730 0.848  [-0.640, 0.440]
City Elements -0.128  0.066 -1.930 2.190 0.120  [-0.260, 0.000]
Garbage Bag -0.142*  0.054 -2.630 1.460  0.031 [-0.250, -0.040]
Floor -0.158  0.226 -0.700 25.460 0.690  [-0.600, 0.290]
Sky -0.180  0.086 -2.100 3.260 0.107 [-0.350,-0.010]
Graffiti -0.183  0.095 -1.930 4450 0.120 [-0.370, 0.000]
Damaged Pavement  -0.204*  0.067 -3.040 2240 0.011 [-0.330,-0.070]
Broken/Dam. Wall -0.382*  0.122  -3.130 7.440 0.011 [-0.620, -0.140]
Random Effects
Var. SD ICC
Participant 0.715 0.846 0.196
Residual 2.943 1.716 '

* p <0.05,* p <001, p<0.001
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Appendix I. Segmentation Model Comparison

Fig. 1.2 shows the segmentation mask obtained from these
three models. We note that SegFormer, PSPNet, and DeepLab
do not segment the light pole; they fail to differentiate among
walls, sidewalks, and gates, and they fail to segment cars cor-
rectly. However, while it requires more computational re-
sources, the superior accuracy and versatility of OneFormer of-
ten justify the additional effort.

OneFormer SegFormer B5

Original image

DeeplLab V3+ PSPNet

Figure 1.2: Comparison of segmentation outputs produced by OneFormer, Seg-
Former B5, PSPNet, and DeepLabV3+. Some visual elements, such as light
poles, cars, gates, and walls, are incorrectly classified, illustrating the differ-
ences in spatial accuracy across models.
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