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Abstract

City landscapes viewed through home windows influence quality of life, yet per-
ceptions of actual window views at the urban scale remain understudied. This
study presents an approach for large-scale mapping of perceptions using 12,334
window view images (WVIs) collected from actual residential properties listed
on real estate platforms in Wuhan, China, representing a rarely explored form of
urban view imagery that offers advantages over the rendered or simulated win-
dow views commonly examined in previous studies. Through a non-immersive
virtual reality platform, we collected 27,477 pairwise comparisons across six per-
ceptual dimensions (e.g. preference) from 304 participants based on 499 WVIs.
A hybrid neural network model was trained to predict human perceptions of all
crowdsourced WVIs and map their spatial distribution. Results reveal significant
spatial autocorrelation with distinct hot and cold spots across the whole city. Floor
level strongly influences human perceptions: while higher floors offer more pre-
ferred and extensive window views, lower-floor windows provide residents with
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quiet and vivid views. An inference model further shows that window view com-
position matters considerably: high ratios of sky, trees, and low-rise buildings
enhance people’s preferences and perceptions of vividness, whereas high ratios
of high-rise buildings increase perceptions of monotony and oppression. Impor-
tantly, these effects are non-linear: the excessive presence of certain elements can
alter their impact on human perception. This work advances urban-scale under-
standing of residents’ visual experiences and offers a transferable, human-centric
method to inform urban planning and design aimed at improving the visual quality
of window views.

Keywords: human-centred GeoAl, neuro-inspired neural network, urban
perception, urban planning, urban comfort, window view

Nomenclature

WVI  Window view imagery SHAP Shapley Additive exPlanations

SVI Street view imagery VIF Variance inflation factor

VR Virtual reality NDBI Normalised Difference Built-
up Index

NN Neural network NDVI Normalised Difference Vegeta-
tion Index

RMSE Root mean square error VAUA Visual assessment of urban af-
fordance

1. Introduction

Windows serve as vital interfaces connecting residents to city landscapes be-
yond their homes (An et al., 2019; Du et al., 2022; Abdelrahman et al., 2023).
Through windows, residents experience diverse views of urban environments —
from green spaces and waterfronts to dense high-rise building clusters — which
profoundly shape their living experience and quality of life. In high-density ur-
ban environments, where direct access to nature is often limited, good views of
the city landscape have been recognised for benefiting residents’ psychological
and physiological health (Olszewska-Guizzo et al., 2018; Elsadek et al., 2020).
High-quality views are linked to better life satisfaction in residential buildings,
less stress, higher work productivity in offices, and even faster recovery in health-
care settings (Ulrich, 1984; Li and Sullivan, 2016; Chang et al., 2020; Ko et al.,
2021; Lindemann-Matthies et al., 2021). Moreover, better window views are of-
ten associated with higher housing prices (Peng et al., 2025), highlighting their

2



relevance across both life health and real estate economic domains. As a cru-
cial part of the urban comfort experience, understanding how residents subjec-
tively perceive the city landscapes through window views from their own houses
is therefore important for future human-centred urban design and planning, which
can be assessed through in-field comfort investigations and computational comfort
modelling (Yang et al., 2025b). It is worth noting that window view quality is a
multi-dimensional concept, encompassing not only view content (what occupants
see through the window), but also view access (how much of the window view
is visible) and view clarity (how clearly the view content can be perceived) (Ko
et al., 2021). This study focuses specifically on view content, as it is the dimen-
sion most amenable to large-scale assessment through crowdsourced real estate
imagery.

Given these multifaceted benefits, ensuring access to high-quality window
views through urban design and planning is a promising approach to improv-
ing citizens’ health and well-being in urban environments. However, despite the
growing recognition of the importance of window views, existing studies remain
limited in scope and depth. Prior studies 1)often focus on singular perceptual di-
mensions such as preference or oppressiveness, 2)are constrained to small-scale
datasets or simulation-based settings, rather than relying on real scenarios, and
3)lack citywide coverage necessary to inform urban design and planning practice
(Li et al., 2022). Thus, there are clear gaps in understanding how multidimen-
sional human perceptions of window views are distributed across a city and which
city landscape factors drive these perceptions.

These limitations are primarily due to the challenges of acquiring both real-
world window view imagery (WVI) and human perceptual data at a large scale
(Li et al., 2024). Conventional methods, such as field surveys or computer simu-
lations, are labour-intensive and struggle to capture the detailed visual and spatial
texture of real-world urban environments separately (Schmid and Sdumel, 2021;
Lin et al., 2022). Meanwhile, some real estate listing platforms have emerged
as promising sources of large-scale real estate data, including property imagery
(e.g., photos of kitchens in flats, building amenities, and floor plans). A subset
of such imagery often includes WVIs, which can reflect residents’ actual window
views across diverse city locations, even in areas with different building heights.
Such datasets offer the potential for large-scale window view studies based on
real images, which can be leveraged to investigate and map residents’ subjective
experiences of city landscapes through their windows.

In this study, we use crowdsourced real estate images and address these gaps
by introducing a comprehensive framework for investigating, modelling, and map-



ping subjective perceptions of window views at the urban scale. Using 12,334
actual window view images collected from property listing platforms in Wuhan,
China, we modelled human perception based on online pairwise survey data ob-
tained through a non-immersive virtual reality (VR) interface (27,477 valid pair-
wise comparisons from 304 participants based on 499 selected WVIs). Our frame-
work enables the prediction and inference modelling of six human perceptual
dimensions — preference (Prefer), monotony (Monotonous), quietness (Quiet),
extensiveness (Extensive), vividness (Vivid), and oppressiveness (Oppressive) —
across citywide window views. It is a dual-crowdsourced framework, as depicted
in 1, where real estate imagery is crowdsourced from myriads of real estate agents
and property owners, while human perception data are crowdsourced from hun-
dreds of participants in window view perception surveys. All this data allows
us to model window view perception, make urban-scale predictions, and map its
spatial distribution across the whole city to uncover potential hot and cold spots
and relationships between visual composition (sky, trees, buildings) and human
perception.
In summary, this study makes the following key contributions:

e We establish a fully crowdsourced framework for urban window view per-
ception research, leveraging both crowdsourced real estate imagery (up-
loaded by property agents and sellers/landlords) and crowdsourced human
perception data (collected via online pairwise comparisons by survey par-
ticipants). This dual-crowdsourced approach demonstrates the utility of real
estate advertisements — a rarely exploited urban sensing data source — for
subjective urban perception research, expanding their potential use cases
beyond property valuation. Focusing predominantly on crowdsourced data
offers a human-centric approach and increases the role of public-contributed
data in this domain. Likewise, a secondary contribution of this work is in the
geospatial domain, giving more attention to this rarely used form of user-
generated geographic information (or Volunteered Geographic Information
- VGI).

e We develop a hybrid neural network (NN) model for perception prediction
and an inference model to decode how built environment characteristics
(semantic segmentation, land cover, urban form) shape multidimensional
subjective experiences.

e We systematically map urban-scale spatial patterns of perceptions, reveal-
ing significant spatial autocorrelation, distinct hotspots and cold spots, and
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vertical perception gradients across floor levels.

e We identify non-linear relationships between visual composition and per-
ceived quality: while sky and trees generally enhance preference and vivid-
ness, excessive presence can diminish quality; high-rise buildings consis-
tently increase monotony and oppression.

e Results from this study can inform human-centred urban planning, includ-
ing how built environment characteristics relate to the visual environments
visible from residents’ windows.

2. Related work

2.1. Data collection and research methods in window view research

Understanding how residents perceive city landscapes through their windows
requires appropriate data sources that balance authenticity, scale, and perceptual
richness. Window view studies have adopted diverse data collection approaches,
which can be broadly categorised into five types: questionnaire-based surveys,
self-captured photographs, in-situ experience studies, and two types of simula-
tions — virtual window views with controlled variables and city-scale simulations
(Table 1, Figure 1 upper panel).

Table 1: Comparison of window view data sources.

Data Source Authenticity Scalability City- Diversity Visual- Controlled Cost-
scale rich effective

Questionnaire . . °
Self-captured photos . . . .
In-situ experience . . .

Virtual (controlled) . .
Virtual (simulation) . . °
Real estate imagery . . . . . . .

Note: e indicates the data source has the corresponding feature. Authenticity: window view data are captured in real-world
scenes; Scalability: perception data can be collected at large-scale; City-scale: window view data can cover entire urban
areas; Diversity: window view data provide diverse visual scenes and contexts; Visual-rich: window view data provide
detailed and textured visual information; Controlled: data source can provide systematic control over environmental vari-
ables; Cost-effective: data collection is economic.

Questionnaire-based studies are widely used because of their flexibility for
perception surveys (Matusiak and Klockner, 2016; Batool et al., 2021), typically
applied to examine correlations between window views and living outcomes such



as residents’ mental well-being or life satisfaction (Korpela et al., 2017; Chang
et al., 2020). Recent works have improved perception questionnaires by incor-
porating user-submitted photos and computer vision analytics (Hasegawa et al.,
2022; Zhang et al., 2023). While questionnaire-based methods offer scalability
and cost-effectiveness, they often lack detailed and rich window view data for
specific urban areas.

Self-captured photographs provide a more authentic record of residents’ per-
spectives on window views than questionnaire stimuli or simulations, although the
actual in-situ window view itself remains the most representative reference (Olszewska-
Guizzo et al., 2018; Kent and Schiavon, 2020; Schmid and Siumel, 2021; Lin
et al., 2022). Like questionnaires, they are relatively low-cost and can be em-
bedded in online questionnaires and shared broadly to reach large, geographically
dispersed samples (Zhang et al., 2023; Samaan et al., 2024), while additionally
offering some control over external factors such as sunlight and glare through the
choice of capture time. In practice, however, such studies still rely on partici-
pants photographing their own views, which constrains standardisation and tends
to limit coverage to the participants’ own residences rather than achieving system-
atic citywide sampling.

In-situ experience studies invite participants to directly experience real win-
dow views in controlled environments, often accompanied by physiological or
psychological measurements using related devices (Li and Sullivan, 2016; Elsadek
et al., 2020; Du et al., 2022; Ko et al., 2022; Yao et al., 2024). These studies are
effective at exploring causal relationships between landscape features of window
views and human perception survey results, as they capture nuanced human per-
ceptual responses; however, their application is limited to very small scales, often
limited to campus or laboratory settings with student populations.

Virtual window views have gained much attention with recent advances in
computer vision and modelling. One stream emphasises experimental control us-
ing software such as Unity or Unreal Engine to create synthetic window views
with highly adjustable parameters (Chamilothori et al., 2019; Moscoso et al.,
2021; Chung et al., 2022; Wang and Munakata, 2024b; Ingabo and Chan, 2025),
offering strong experimental control and cost-effectiveness. When such scenes are
delivered through immersive virtual reality headsets, the reduction in authentic-
ity is modest — arising mainly from the imperfect rendering of conditions such
as daylight and luminance contrast — because headsets provide a more immer-
sive experience than static images; this immersion, however, comes at the cost
of greater resource requirements and unique problems such as simulation sick-
ness (Martirosov et al., 2022; Ugur et al., 2024). Another stream focuses on
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city-scale studies by simulating building window views using large-scale 3D city
models (Li and Samuelson, 2020; Li et al., 2022, 2024). While achieving broader
spatial coverage and a highly flexible experimental design, these virtual simula-
tions depend on model precision and may omit unique urban features, such as
sunlight and other weather conditions, that occur in reality.

Despite methodological diversity, existing window view perception studies
face persistent limitations, as we mentioned above (Table 1), such as small-scale
or laboratory-based data, restricted spatial coverage and generalizability (Schmid
and Sdumel, 2021; Lin et al., 2022; Ko et al., 2022), and a lack of authenticity in
actual residential views (Li et al., 2022; Kim et al., 2022). Moreover, most work
focuses on limited perceptual dimensions — typically preference or oppressive-
ness. Recent advances in apartment-level greenery measurement (Das et al., 2025)
show promise; yet, gaps remain in understanding multidimensional perceptions at
the urban scale. These constraints highlight a critical research gap: the need for
data sources that simultaneously achieve authenticity, scalability, and urban-scale
coverage. Recent work has further highlighted that assessment methods are of-
ten aligned with specific dimensions of view quality: VR is suited to evaluating
view access, physical spaces to view clarity, and digital images to view content
(Kim et al., 2025). Given that this study focuses on perceived view content at
the urban scale, real estate imagery—comprising large volumes of in-situ window
view images—provides a particularly appropriate data source. It enables citywide
investigations while maintaining both visual richness and real-world authenticity,
thereby addressing key limitations of existing approaches.

2.2. Urban imagery typology and window view imagery as promising perspective

Table 2: Complementary characteristics of urban data types.

Data Type Perspective ~ Primary Use Perception Public Residential Vertical
Street view Pedestrian Public space . .

Building view Facade Architecture . .

Remote sensing Aerial Land use .

LiDAR / 3D city 3D/ Built form ° .

models Variable

Window view Interior Residential . . .

Note: e indicates the primary strength. Perception: suitable for perception studies; Public: public spaces; Residential:
residential interiors; Vertical: building height differentiation. Each imagery type serves complementary purposes.

Urban research has leveraged diverse imagery types to understand city envi-
ronments over the past decades, each capturing distinct perspectives that together
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Figure 1: Conceptual framework of this study together with traditional approaches and example
references.

form a complementary ecosystem of urban sensing (Figure 1 lower panel; Ta-
ble 2). These perspectives complement each other and support urban analytics
approaches, including geometry-based (Xu et al., 2022) and graph-based mod-
elling (Yap et al., 2025).

Street view imagery (SVI) is the most widely adopted urban imagery type,
capturing pedestrian-level perspectives of public spaces (Biljecki and Ito, 2021;
Ito et al., 2024, 2025). SVI has been extensively used to assess urban percep-
tion, including aesthetic quality, safety, and environmental characteristics (Quer-
cia et al., 2014; Kang et al., 2020; Hou and Biljecki, 2022). Large-scale datasets
spanning global cities have enabled cross-cultural studies (Hou et al., 2024), while
recent work demonstrates SVI’s capacity to extract built environment features and
quantify subjective perceptions (Kang et al., 2018; Zhang et al., 2018; Qiu et al.,
2022; Yang et al., 2023). However, comparative studies have revealed inherent
biases (Huang et al., 2025; Fan et al., 2025a). SVI excels at perception studies of
public spaces but focuses on publicly accessible environments.

Building view imagery focuses on architectural facades, characterising ur-



ban architecture and building aesthetics. Studies have employed building view
imagery and computational methods to extract architectural elements (Doersch
et al., 2015), evaluate human perception of building exteriors (Liang et al., 2024),
and enrich public building data in open maps through automated information pre-
diction (Liang et al., 2025). This imagery type offers insights into buildings in
cities but emphasises exterior appearances rather than interior living experiences.

Remote sensing imagery, including satellite imagery and aerial imagery, pro-
vides top-view perspectives for urban analytics (Weng, 2012; Liu and Yang, 2015).
Applications include land-use classification, land-change detection, local climate
zone mapping, etc. (Voogt and Oke, 2003). While excelling at macro-scale spatial
and temporal pattern recognition, remote sensing imagery is not typically used for
urban perception studies due to a lack of a human-scale perspective.

LiDAR (Light Detection and Ranging) is not considered a traditional im-
agery type but can offer precise three-dimensional morphological perspectives for
the built environment and produce a series of image-like raster products (intensity,
DEMs, DSMs) (Haala and Brenner, 1999). Applications include land cover clas-
sification (Yan et al., 2015), 3D building reconstruction (Cheng et al., 2011), and
urban visual quality assessment (Wu et al., 2021). While LiDAR characterises
public space geometry, it typically does not capture visual appearance, colour, or
texture — elements critical for perceptual studies.

Window view imagery is an emerging urban imagery type that captures city
landscapes from real estate interior views — the perspective from which residents
take in real life. Window views have been proven related to human well-being,
productivity, and stress reduction (Ulrich, 1984; Elsadek et al., 2020), and con-
tribute to property values (Damigos and Anyfantis, 2011; Peng et al., 2025). Un-
like SVI, which captures pedestrian experiences in public street spaces, WVI is
captured at viewpoints in private residential spaces across diverse floor levels. In-
vestigating this perspective is particularly relevant and essential in high-density
contexts where horizontal-vertical stratification creates dramatically different vi-
sual experiences for residents living at various places and floors.

As highlighted in Figure 1 and Table 2, WVI fills this gap through its dis-
tinctive viewpoints from building interiors. Rather than competing with existing
urban imagery types, WVI complements them by addressing the visual quality of
urban spaces within buildings. This study establishes WVI as a valuable addition
to the urban imagery research ecosystem, demonstrating its potential for assessing
citywide perceptions of window views.



2.3. Computational modelling of subjective urban perception

Understanding how people perceive urban environments has been a central
topic in environmental psychology and urban studies for a long time. Early in-
vestigations focused on studying the effects of vegetation or natural elements in
shaping people’s psychological responses (Smardon, 1988), though these studies
were limited to small sample sizes.

The emergence of crowdsourced data sources marked a shift, providing re-
searchers with large-scale datasets for urban-scale human perception research. In
2013, Salesses et al. introduced the Place Pulse dataset, collecting millions of pair-
wise comparisons of SVIs to map human perceptions of streetscapes across global
cities, demonstrating that urban perceptions could be systematically quantified at
a large scale. The convergence of advanced prediction modelling methods and
large-scale urban imagery datasets has since transformed the paradigm of urban
perception research towards urban-scale prediction and studies (Ito et al., 2024).
In 2016, Dubey et al. trained deep learning models on crowdsourced SVI data
to quantify six human perceptual dimensions across 56 cities worldwide. Sub-
sequently, more and more studies began leveraging SVI and online SVI visual
assessment surveys to predict multidimensional subjective urban experiences, re-
vealing how visual elements in cities influence human perceptions (Zhang et al.,
2018; Qiu et al., 2022; Yang et al., 2023; Liang et al., 2024; Yang et al., 2025a).

However, existing computational perception research predominantly focuses
on street-level public spaces with SVI, leaving residential visual environments
from building interiors largely unexplored. There are some window view percep-
tion studies, but they have largely been limited to authenticity, survey scalability,
or urban-scale coverage (Schmid and Sdumel, 2021; Chung et al., 2022; Lin et al.,
2022; Wang and Munakata, 2024a), as mentioned in Section 2.1. The gap between
well-developed streetscape perception research and current limitations in window
view perception research offers a promising research direction based on WVI.

3. Method

3.1. Research framework, study area and data collection

This study establishes a comprehensive five-stage analytical framework to
map and understand subjective perceptions of window views at the urban scale
(Figure 2). Stage 1 (WVI Image Encoder) involves panoramic mask process-
ing and image feature concatenation, integrating semantic segmentation (using
ElISeg and SegNeXt), convolutional image data (ResNet50), and computational
colourimetry (OpenCV and scikit-image). Stage 2 (WVI Perception Survey)

10



[ ]

£ g
1010 [ T K

[ Stage 1: WVI Image Encoder === [~ Stage 3: Prediction ===

Dorsal Pathway Visual Cortex
ResNet50

Distribution in horizontal space

Image Feature Concatenation Segmentation - Moran's 1 Hotspot and cold spot
City Landscape in Sight A ! | 1
N RS Ry
e NN N
NN =
NS NN -
Percep-Scoring olormetry \——: E\__

Prefrontal Cortex Ventral Pathway o .
Distribution in vertical space

Hybrid Neural Network
Prediction Modelling L il
s ) R R RN R RS

INARITRIY

Panoramic Mask Processing
City Landscape in Sight

12334 Real Estate Images
Window View Imagery (WVI)
N _

() Online Perception Survey Perception Score
6 Visual-Perceptual Dimensions TrueSkill Ranking & Scoring

Urban-Scale Prediction Horizontal and Vertical Space
12334 Wvis mas Spatial Distribution

Explainable Al SHAP Feature Attribution
Inference Modelling Feature Importance

prefer  monotonous quiet
extensive  vivid  oppressive
1

Geospatial Metric
Multi-model Comparison

m

[
!
i
i
|
]
i
]
i
N

i
1
1
|
1
1
|
1
]
/]

Non-linear Impacts of Geospatial Metrics

—_ Stage 2: WVI Perception Survey —_—1 B Stage 4: Inference = &8 Stage 5: Result Discussion 8
1
CJ lm, 4
=
= gt i@.

Figure 2: Five-stage research framework encompassing data collection, perception survey, predic-
tion modelling, inference analysis, and result discussion.

implements an online perception survey across six visual-perceptual dimensions
(Prefer, Monotonous, Quiet, Extensive, Vivid, Oppressive), employing TrueSkill
ranking and Bayesian perception scoring to quantify human judgements. Stage
3 (Prediction) develops a hybrid neural network for prediction modelling, whose
architecture integrates a dorsal pathway (spatial structure from semantic segmen-
tation), a ventral pathway (colour and texture from colourimetry), and a visual-
cortex pathway (ResNet50 visual features). Stage 4 (Inference) deploys explain-
able AI and geospatial metrics for inference modelling, integrating multi-model
comparison across semantic segmentation, land cover, and urban form variables.
Stage S (Result Discussion) examines spatial distribution patterns in both hori-
zontal and vertical dimensions, employing Moran’s I and hotspot analysis, Shap-
ley Additive exPlanations (SHAP) feature attribution for variable importance, and
exploration of non-linear impacts between geospatial metrics and perceptions.
Within this framework, two of the stages involve conceptually distinct mod-
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elling steps that are easily conflated but serve different purposes, summarised in
Table 3. The prediction model (Stage 3) learns to map the visual content of a
window view image to its perception scores, enabling us to extrapolate from the
499 surveyed images to all 12,334 citywide WVIs and map their spatial distribu-
tion. The inference model (Stage 4) instead takes the resulting citywide percep-
tion scores as targets and regresses them on built-environment variables, in order
to explain which environmental factors drive each perception and how. These two
models are detailed in the corresponding subsections below.

Table 3: Comparison between the perception prediction model and the perception inference model.

Prediction model (Stage 3)

Goal Predict perception from image content to enable citywide mapping

Data 499 surveyed WVIs (27,477 pairwise comparisons from 304 participants)
Inputs Semantic segmentation, ResNet50 features, and colourimetry

Method Hybrid neural network (dorsal + ventral pathways)

Split Five-fold spatial block cross-validation (60/20/20 within each fold)
Output Citywide perception scores and spatial distribution maps

Inference model (Stage 4)

Goal Explain which built-environment factors drive perception and how
Data All 12,334 WVIs with citywide scores from the prediction model
Inputs Window-view composition, land cover, and urban form

Method Machine-learning models with SHAP interpretation

Split Fixed 70%:30% train—test split

Output Variable importance and non-linear effect curves

We selected Wuhan, a major metropolitan city in central China, as our study
area due to its well-suited built environment for window view perception research
(Figure 3). The city exhibits high population density, with residential buildings of
diverse heights and densities, and numerous rivers and lakes that contribute to a
rich visual diversity of urban and natural landscapes (Peng et al., 2025). Spatial
heterogeneity in both built form and natural resources in city landscapes provides
a varied set of window view scenarios for our study, encompassing the horizontal
and vertical distributions of viewpoints.

The foundation of our analysis relies on WVIs extracted from real estate list-
ing platforms — an emerging yet underutilised data source in urban research.
These property listing platforms typically operate at regional or national scales
and contain extensive textual-visual documentation of properties, enabling large-
scale analyses across diverse urban research domains, such as extracting build-
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Figure 3: Data acquisition and processing workflow: (left) extraction process from housing web-
site tour views to equirectangular images; (middle-left) examples of unsuitable images filtered
during screening; (center) spatial distribution of 12,334 window view image samples from 1,377
apartment complexes across Wuhan, showing sample density per complex and coverage of both
urban core and suburban areas; (right) post-processing and reframing to city landscape perspec-
tive. Source of the basemap: ESRI.

ing amenity information (Chen and Biljecki, 2022), exploring indoor decora-
tion patterns (Liu et al., 2019), discovering informal housing markets (Harten
et al., 2021), conducting comprehensive market analyses (Boeing and Waddell,
2017), and analysing textual description patterns in property markets (Lee and
Lee, 2023). Besides textual information and other various attributes, such plat-
forms contain interior imagery of properties (e.g. photos of bedrooms and floor
plans), but the subset of these images showing window views has not been suffi-
ciently leveraged in urban studies (Koch et al., 2019).

For this study, we collected window view images from Lianjia, one of China’s
largest real estate platforms offering comprehensive property listings nationwide.
The platform’s visual tour service provides 360-degree panoramic views from bal-
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conies for many listed properties, offering real perspectives of residential window
views across diverse locations and building heights. We developed a web-scraping
script to systematically extract cubemap data from balcony viewpoints of 34,091
residential properties across Wuhan. These cubemaps were subsequently con-
verted into equirectangular panoramic images to facilitate analysis and perception
assessment (Figure 3, left panel). All WVIs in this dataset originate exclusively
from living room balcony viewpoints. The platform assigns room-type labels to
each panoramic capture, in which the living room balcony is consistently tagged
as “Balcony A”, while balconies associated with other spaces (e.g. bedrooms) are
tagged as “Balcony B”, “Balcony C”, and so forth; our scraping script collected
only images labelled as “Balcony A”, and the manual screening described below
further removed a small number of edge cases in which the living room lacked a
balcony but a bedroom balcony carried the label, so that all retained images con-
sistently represent living room balcony views. In Chinese high-density residential
buildings, living room balconies are outward-facing semi-open communal spaces
that serve as the primary vantage points from which residents experience the sur-
rounding city landscape; restricting the dataset to this single room type minimises
privacy-related confounds and ensures functional consistency across samples.

Following initial WVI data crowdsourcing, we implemented a WVI quality
control process to ensure the reliability of these images, as illustrated in Figure
3. Here, “quality” refers to the technical fidelity of the image as a usable record
of the window view (e.g. capture angle, exposure, and the absence of obstruc-
tions), and not to the perceived quality of the view itself, which is precisely what
the perception survey later measures. Manual screening was conducted to review,
identify, and remove unsuitable images exhibiting such technical quality issues
as oblique window view angles, physical obstructions (e.g., furniture, indoor ob-
jects), heavy fog or adverse weather conditions outside, image overexposure or
underexposure, and obscured window views (Figure 3, middle-left panel). This
manual screening process yielded 12,334 technically valid WVIs from 1,377 res-
idential apartment complexes. As depicted in the distribution map in the centre
of Figure 3, these WVI samples demonstrate substantial spatial coverage across
Wuhan’s urban and suburban areas, with sample density per apartment complex
ranging from 1 to 110 images, capturing vertical (different floor levels) and hori-
zontal (different places) distribution of window views. The retained images were
further post-processed and reframed to emphasise the city landscape scope visible
through windows (Figure 3, right panel).
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1. Which window views you prefer?

2. Which window view presents a more monotonous scene?

3. Which window view presents a more quieter ambiance?

4. Which window view offers a more extensive perspective?

5. Which window view presents a more vivid perspective?

6. Which window view presents a more oppressive atmosphere?

Six questions appear randomly:

Current
response

progress
TIPS

1.In this section,
you're required to
choose the image on
the right that you
believe best
corresponds 1o the
question above.
Click ‘Confirmi to
submit your
selection and
proce

en

i
panoramic 3D
pictures, and you
can adjust the
viewing angle by
dragging with the
left mouse button or
touch. 3In each
round, there are 50
sets of images. You
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up window 10
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after
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current round, or
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A pair of window view images displayed in a non-immersive VR mode

Figure 4: Web-based interface for subjective perception survey using non-immersive VR: (left)
instructional tips panel; (centre) paired window view images with interactive 360-degree viewing
capability and perceptual dimension question; (right) response progress indicator and confirmation
button.

3.2. Online WVI perception survey

To comprehensively assess human multidimensional subjective perception of
window views, we selected six perceptual dimensions representing distinct as-
pects of visual-spatial experience: Prefer, Monotonous, Quiet, Extensive, Vivid,
and Oppressive. The Prefer dimension serves as the primary indicator of over-
all window view preference, widely adopted in window view perception studies
(Lin et al., 2022; Kent and Schiavon, 2023), to capture holistic human mental
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aesthetic judgements. There are two dimensions characterising visual richness:
Monotonous reflects perceptual uniformity and repetitiveness, while Vivid cap-
tures visual diversity and liveliness. Extensive and Oppressive dimensions ad-
dress spatial qualities: Extensive measures perceived visual openness, while Op-
pressive assesses feelings of visual enclosure (Wang and Munakata, 2024a,b).
The Quiet dimension evaluates whether participants can visually infer potential
acoustic peaceful experiences from the view, representing cross-modal sensory
perception (Chung et al., 2022). This six-aspect multidimensional framework en-
ables comprehensive characterisation of window view experiences beyond aes-
thetic preference alone.

We developed an interactive web-based platform using Three.js to collect per-
ceptual ratings through a non-immersive VR interface (Figure 4). The platform
design emulates real estate listing interfaces familiar to participants, enhancing
ecological validity. By presenting interactive panoramas through a standard web
browser rather than a head-mounted display, this non-immersive design deliber-
ately trades some sensory immersion for scalability — enabling large-scale online
recruitment — while avoiding the simulation sickness associated with immersive
VR headsets. The survey introduction explicitly informed participants that all
images depicted views from residential apartment windows, establishing a resi-
dential context for evaluation. The goal was to measure participants’ direct per-
ceptual responses to the visible city landscape. The web interface presents two
WVI panoramas simultaneously, displayed as interactive 360-degree images that
participants can explore by dragging with mouse or touch input to adjust viewing
angles (Figure 4, centre panel). For each of six perceptual dimensions, a compara-
tive question is presented at the top of the screen (e.g., "Which window view offers
a more extensive perspective?”). The survey employed a forced-choice paradigm:
participants were required to select one of the two images for each comparison,
with no “indifferent” or “equal preference” option available. This design follows
established practice in pairwise urban perception surveys (Salesses et al., 2013;
Dubey et al., 2016), ensuring every comparison yields a discriminative signal; any
noise introduced by near-indifferent trials is distributed across the dataset and at-
tenuated by the TrueSkill algorithm’s Bayesian updating mechanism. Participants
select the image that better matches the specified perceptual dimension by click-
ing the corresponding radio button, then confirm their choice to proceed to the
next pair. The interface tracks response progress and provides instructional tips
to ensure consistent engagement (Figure 4, left and right panels). This platform
collected 43,591 pairwise comparisons from 501 participants across 499 sampled
window view images.
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To ensure data quality and response validity, we implemented three exclusion
criteria to filter potentially inattentive or hasty responses: (1) all responses from
participants whose mean response time fell below 3 seconds, indicating insuffi-
cient engagement; (2) all responses from participants who selected the same im-
age position (left or right) in more than 80% of trials, suggesting response bias or
non-discriminative behaviour; and (3) individual comparison responses completed
in less than 2 seconds, indicating insufficient time for meaningful evaluation. Ap-
plying these criteria sequentially removed 10,412, 1,143, and 4,559 responses,
respectively, yielding 27,477 valid pairwise comparisons from 304 participants
for subsequent analysis.

We employed the TrueSkill Bayesian ranking algorithm to convert pairwise
comparison data into continuous perception scores for each image across all six
dimensions. This approach models each image’s latent perception level as a Gaus-
sian distribution and iteratively updates beliefs based on comparison outcomes.
On average, each image received 18.35 comparisons per dimension ( 27477

6><2><499)’ eX-
ceeding the comparison density in Place-Pulse-1.0 (16 comparisons per image)

(Salesses et al., 2013) and substantially surpassing Place-Pulse-2.0 (3.4 compar-
isons per image) (Dubey et al., 2016). The average posterior standard deviation
(o) across all dimensions was less than 3, indicating high confidence in the es-
timated perception scores and confirming the reliability of the TrueSkill-derived
rankings.

3.3. Window view perception prediction model
3.3.1. Model architecture and training

Figure 5 illustrates our hybrid neural network for window view perception
modelling, whose design is inspired by the visual processing pathways of the hu-
man brain. The architecture draws inspiration from neuroscientific understanding
of the organisation of the visual cortex, implementing parallel processing streams
that correspond to the dorsal ("where/how’’) and ventral ("what”) pathways in hu-
man vision.

The framework integrates three complementary processing pathways: the dor-
sal pathway processes spatial and geometric information in images via semantic
segmentation (EISeg + SegNeXt), extracting proportions of structural elements
such as sky, buildings, and vegetation from WVIs. Specifically, we annotated 300
WVIs with the semantic labels listed in Table 4 using EISeg (Hao et al., 2022),
expanded the dataset to 1,800 images through data augmentation (gamma and ran-
dom gamma transformation, rotation, blurring, and noise addition), and trained a
SegNeXt segmentation model (Guo et al., 2022) on a 90%:10% train—validation
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Figure 5: Hybrid neural network architecture for window view perception modelling, integrating
dorsal and ventral visual pathways with multimodal feature processing.

split; the model reached a mean accuracy (mAcc) of 86.33% and a mean Inter-
section over Union (mloU) of 78.71% before being applied to all images. The
proportion of each landscape element i visible through the window is defined as
WV: = pi/Piorai» Where p; is the number of pixels labelled as i after segmenta-
tion and p,,, is the total number of pixels in the image. The ventral pathway
captures visual texture through colourimetry analysis (OpenCV + scikit-learn),
quantifying colour distributions, contrast, and brightness characteristics of WVIs.
The visual cortex pathway employs a pre-trained ResNet50 backbone for hi-
erarchical feature extraction, processing raw WVIs through convolutional layers
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to capture high-dimensional complex visual patterns. These three pathways, to-
gether with an additional floor variable encoding the apartment’s relative vertical
position, constitute the model inputs summarised in Table 4.

These three processing streams converge in the prefrontal cortex module, where
multi-pathway features are concatenated and integrated via a perception-scoring
decision network. The ResNet50 backbone produces a 2048-dimensional visual
embedding that is concatenated with the standardised dorsal and ventral features,
and the resulting vector is passed to a decision head of two fully connected lay-
ers: the first layer (512 neurons with ReLLU activation and 0.5 dropout) performs
feature integration, while the second layer outputs a single continuous perception
score. A separate model with this identical architecture was trained for each of
the six perceptual dimensions. This multi-pathway architecture enables the model
to process both low-level visual features (colour, texture) and high-level seman-
tic content (spatial layout, object presence) in a unified framework. The models
were trained to reproduce the continuous TrueSkill perception scores of the 499
sampled WVIs, which were derived from the 27,477 valid pairwise comparisons
provided by 304 participants.

In designing this architecture, we made several key methodological decisions
that distinguish our approach from conventional perception modelling. Rather
than adopting the classification-based approaches commonly used in prior stud-
ies, we formulated the prediction task as a regression problem to preserve the
granularity of continuous perception scores (1-5) derived from the TrueSkill algo-
rithm. This design choice aligns with the continuous nature of human perceptual
responses and enables the multi-pathway architecture to capture subtle perceptual
nuances that would be lost in a classification method, which divides continuous
scores into several discrete classes. We deliberately avoid such discretisation be-
cause partitioning the continuous scores into 2, 3, or 5 classes (e.g. via equal-
width binning) introduces arbitrary class boundaries that discard information and
complicate interpretation; we therefore report the continuous coefficient of deter-
mination R? as our primary evaluation metric throughout, rather than classification
accuracy over ad hoc score bins.

The perception modelling framework was implemented with careful attention
to model training strategies. Each WVI was resized to 224 x 224 pixels and nor-
malised using the ImageNet channel statistics; during training we further applied
random horizontal flipping, random rotation (up to +15°), and colour jitter as data
augmentation, while the auxiliary dorsal and ventral features were standardised
using statistics fitted on the training fold only. The perception model was trained
using the Adam optimiser (initial learning rate is 10™* and weight decay is 107%),
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and a step-based learning rate scheduler with a decay factor of 0.1 every 10 epochs
was applied to ensure stable convergence across the different processing streams.
The loss function used during training was Mean Squared Error (MSE), chosen
for its compatibility with the regression modelling and for preserving the contin-
uous nature of human perception. Training was conducted for up to 60 epochs
with a batch size of 8 and early stopping (patience of 10 epochs monitored on
the validation R?), and the checkpoint achieving the highest validation R*> was
retained for evaluation. Model performance was assessed using five-fold spatial
block cross-validation, in which each fold partitions the data into 60% training,
20% validation, and 20% test sets while keeping geographically adjacent views
within the same fold. The coefficient of determination R? served as the primary
metric for both model selection and final regression model evaluation.

To clarify how the citywide perception surfaces were produced: the five-fold
spatial block cross-validation provides an unbiased estimate of out-of-sample ac-
curacy (reported in Section 4.1) and, in doing so, trains one model checkpoint per
fold. For the subsequent citywide mapping, for each perceptual dimension we
retain the single fold checkpoint that generalised best to its held-out spatial block
(the highest test R?) and apply this one model uniformly to all 12,334 WVIs.
The reported perception maps are therefore the output of a single retained cross-
validation checkpoint per dimension applied to every image.

3.3.2. Spatial sampling units and cross-validation schemes

Window view samples from the same apartment complex share identical lat-
itude and longitude coordinates, so we organised the 12,334 WVIs into nested
spatial units for sampling and analysis. Using an H3 hexagonal grid at resolution
7, each image was assigned two hierarchical spatial identifiers. The Hexagon ID
is an integer index of the H3 cell containing the sample, numbered from 1 to 266
in geographic order (north to south, then west to east). Within each hexagon, the
Complex ID (formatted as {Hexagon ID}-{k}) further distinguishes each unique
apartment complex, i.e. each distinct coordinate pair, following the same geo-
graphic ordering. In total, the dataset spans 266 hexagonal cells and 1,377 apart-
ment complexes, with a median of 4 complexes per hexagon (range 1-22) and a
median of 5 WVIs per complex (range 1-110), as illustrated in Figure 6. These
nested identifiers define the spatial units used both for aggregating perception
scores in the maps below and for the cross-validation of the prediction model.

These spatial units also underpin two complementary five-fold cross-validation
schemes used to evaluate the prediction model, each trained and evaluated sepa-
rately for every perception dimension with a 60/20/20 train/validation/test ratio
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Table 4: Definitions and descriptive statistics of prediction model inputs.

middle, 3 = high)

Variable Definition Mean SD Min Max
Visual cortex pathway — raw image encoded by ResNet50
WVI (RGB image) 2048-dimensional visual embedding — — — —
Dorsal pathway — semantic features (image-area proportion of each segmentation class)
Sky Sky 0.114  0.056  0.002 0.304
High rise building ~ Buildings with > 7 floors 0.102  0.059  0.000 0.294
Low rise building Buildings with < 7 floors 0.013  0.017  0.000 0.101
Grass Grass 0.007 0.013 0.000 0.130
Hard ground Community roads, sidewalks, parking and 0.010  0.011  0.000 0.083
paved areas
Tree Trees or shrubs 0.044  0.044  0.001 0.438
Water Water bodies (rivers, lakes, etc.) 0.002 0.007 0.000 0.097
Railing Railings 0.085 0.030 0.020 0.208
Road Main avenue or railway outside the commu-  0.003  0.007  0.000 0.087
nity
Barren land Non-hardened barren land without cover 0.002  0.007  0.000 0.086
Building interior Indoor scene and the facade of the host build-  0.618  0.097  0.252 0.845
ing in view
Ventral pathway — colour and low-level visual features
Hue_Mean Mean of the HSV hue channel (0-179) 58.92 12.17 19.97 93.45
Hue_Std Standard deviation of the HSV hue channel 51.06 5.80 26.64 65.98
Saturation_Mean Mean of the HSV saturation channel (0-255)  40.68 11.19 12.68 79.75
Saturation_Std Standard deviation of the HSV saturation 66.74 9.17 39.52 91.43
channel
Brightness_Mean Mean of the CIELab lightness (L) channel 112.55 2250  52.61 168.22
Brightness_Std Standard deviation of the CIELab lightness  96.33 7.50 67.26 113.99
channel
EdgePixelRatio Mean response of the Canny edge map (edge  42.04 8.87 14.69 64.59
density)
Entropy Shannon entropy of the grayscale histogram 5.091  0.202  4.287 5.388
(bits)
Colorfulness Hasler—Siisstrunk colourfulness metric 14.72 4.89 5.86 37.57
Contrast Standard deviation of grayscale intensities 94.51 7.87 64.53 112.22
Sharpness Variance of the Laplacian (focus / edge sharp- 3707.5 1089.3 1258.6  8053.2
ness)
Image_Variance Variance of grayscale intensities 89932 1447.1 41642 125924
Contextual variable
Floor Relative floor-level category (1 = low, 2 = 1.92 0.78 1.00 3.00
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Figure 6: Nested spatial sampling units over Wuhan. (Left) the 266 H3 hexagonal cells (resolution
7) coloured by Hexagon ID, with the 1,377 complex locations as black points. (Top right) a repre-
sentative hexagon (ID 51) with its 22 distinct complexes. (Bottom right) distribution of complexes
per hexagon (mean 5.2, median 4, range 1-22). Basemap: CartoDB Positron.

within each fold. Both schemes are stratified on the binned perception score of
the dimension being modelled (a separate set of splits is generated per dimen-
sion), where each continuous TrueSkill score s € [0, 5] is discretised into one of
five bins

b(s) = min(|s], 4) € {0, 1,2, 3,4}.

In the random stratified scheme, the individual WVIs are split at the image level
using this stratification, so that images from the same hexagon may fall into both
the training and test folds. In the spatial block scheme, whole hexagons (Hexagon
IDs) are instead assigned as indivisible groups to the training, validation, and test
partitions—stratified on the binned per-hexagon mean score—so that no hexagon
is shared between training and test. As summarised in Table 5, this difference
is decisive: averaged over the five folds, the random stratified split shares 46.5
hexagons between the training and test sets, whereas the spatial block split shares
none. The spatial block scheme therefore prevents the spatial-autocorrelation
leakage that would otherwise inflate the apparent accuracy and provides a stricter,
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geographically honest test of generalisation; we adopt it as the primary evaluation
protocol and report the random stratified results only for comparison.

Table 5: Comparison of the two five-fold cross-validation schemes. The train—test hexagon overlap
is the number of H3 cells shared between the training and test sets, averaged over the five folds
(range across folds in brackets).

Scheme Split unit Stratification Train—test hexagon overlap
Random stratified Individual WVI (im- Binned image score b(s) 46.5 [38-55]
age level)
Spatial block Whole hexagon Binned per-hexagon 0 [0-0]
(Hexagon ID group) mean score

3.3.3. Mapping the spatial distribution of perception

For visualisation, we aggregated the point-level perception scores to the H3
hexagonal cells defined above, computing the mean value of all samples falling
within each cell, so that each map summarises the local perception level while
preserving the spatial structure of the city.

To quantify the degree of spatial clustering of window view perceptions, we
computed the Global Moran’s I statistic, which measures the overall spatial au-
tocorrelation of a variable (Appendix, Eq. (A.1)). We defined the spatial weights
w;; as a row-standardised distance band, setting w;; = 1 when two locations lie
within 1,000 m of each other and 0 otherwise. Significance was assessed with
the standardised score z = (I — E[])/ v Var(/) against the null hypothesis of spa-
tial randomness; a positive and significant / indicates that locations with similar
perception values tend to cluster together.

While Moran’s I summarises clustering globally, it does not reveal where clus-
ters occur. We therefore computed the local Getis-Ord G} statistic (Appendix,
Eq. (A.2)) to locate statistically significant hot spots and cold spots, using spatial
weights derived from the six nearest hexagonal neighbours of each cell (including
the focal cell itself). The resulting G is a z-score: large positive values iden-
tify hot spots (spatial clusters of high perception scores) and large negative values
identify cold spots, with significance obtained from the standard normal distribu-
tion.

Additionally, considering that perceptions may vary between floors, we con-
ducted a statistical analysis of perceptions based on the floor classifications pro-
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vided by lianjia.com?. Floor levels are categorised into three types—Ilow floor,
middle floor, and high floor—according to the following criteria:

Low Floor when FF <3 or f < |_§J

Middle Floor when |_§J +l1<f<2 |_§J

High Floor ~ when f > 2 [gJ

where f is the floor of the apartment and F is the total number of floors in the
building. To test whether perception scores differ across these floor categories, we
applied the two-sided Mann—Whitney U test pairwise between groups—a non-
parametric test that compares the distributions of two independent samples with-
out assuming normality, and is therefore well suited to the bounded, non-Gaussian
perception scores.

3.4. Window view perception inference model

3.4.1. Selected built environment variables influencing window view perception

Another objective of this study is to investigate the factors influencing mul-
tidimensional window view perception. Specifically, we focus on the effects of
window view composition, surrounding land use, and building forms on window
view perception.

(1) Window view variables.

The first set of predictors describes the window-view composition, quantified
as the proportions (WV;) of the eleven landscape elements obtained with the same
SegNeXt semantic segmentation model used for the prediction model’s dorsal
pathway (defined above; the class labels and definitions are listed in Table 4).

(2) Land cover variables.

We hypothesize that the land cover surrounding the window view samples may
also indirectly influence people’s perceptions of the window views. The Land
Cover dataset, released by ESRI in 2023 with a 10-metre resolution, was clipped
to obtain land cover surrounding the window view samples (Karra et al., 2021).
This dataset contains nine categories: water, trees, flooded vegetation, crops, built
areas, bare ground, snow/ice, clouds, and rangeland. However, since some of these
categories are extremely rare or non-existent in the Wuhan area, we retained only
the land cover types of water, trees, crops, built areas, bare ground, and rangeland

2For privacy protection, lianjia.com does not provide precise floor data for the apartments.
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for analysis. We created a 1 km buffer around each window view sample and
calculated the proportion of selected land cover types within each buffer.

(3) Urban building form variables.

The building forms surrounding the housing samples were incorporated as
potential variables influencing perceptions of window views. We analyse building
density, floor area ratio, average building height, standard deviation of building
height, Normalised Difference Built-up Index (NDBI), and Normalised Difference
Vegetation Index (NDVI), each computed within a 1 km buffer; their definitions
and descriptive statistics are summarised in Table 6. Building footprint data are
sourced from 3D-GloBFP (Che et al., 2024), while NDBI and NDVI are calculated
using Landsat 8 (Xiang et al., 2023).

3.4.2. Inference modelling

Descriptive statistics for the variables used in this study are presented in Ta-
ble 6. We first employed Spearman’s correlation analysis to assess the relation-
ships between window view perception and other variables. This method allows
us to examine the degree of association among multiple dimensions of window
view perception and to assess potential multicollinearity, which we further quan-
tified using the variance inflation factor (VIF). Because the window-view and
land-cover classes are compositional (each group’s proportions sum to one), we
dropped one reference variable from each group—the dominant window-view
class (WV_Buildinginterior), the dominant land-cover class (LC_Built_Area), and
the most collinear urban-form variable (FAR)—after which all retained predictors
have VIF < 10 (see Appendix, Figure A.1). The subsequent inference models are
therefore fit on this reduced set of 20 predictors.

After confirming the potential multicollinearity among the variables mentioned
above through correlation analysis, we selected several regression methods that
are relatively insensitive to multicollinearity to fit the 20 reduced predictors. These
methods included Lasso regression with an L1 penalty term, Ridge regression
with an L2 penalty term, and Elastic Net regression that incorporates both L1
and L2 penalties, as well as Partial Least Squares (PLS) regression and several
machine learning methods, such as Random Forest regression, Support Vector
regression (SVR), and XGBoost regression. All inference models were trained
on a fixed 70%:30% train—test split (random_state = 42) using fixed hyperpa-
rameters rather than an exhaustive hyperparameter search, so that the comparison
reflects each model family’s behaviour under a common, reproducible configura-
tion: Ridge (@ = 1.0), Lasso (@ = 0.1), Elastic Net (@ = 0.1, L1 ratio = 0.5), PLS
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Table 6: Definitions and descriptive statistics of the built-environment inference variables. SWIR,

NIR and Red denote the shortwave-infrared, near-infrared and red band reflectance, respectively.

Variable Definition Mean SD Min Max
Perception variables — TrueSkill scores rescaled to 0-5
Prefer Degree of overall preference for the view 2.553 1.382 0.000 5.000
Monotonous Degree of perceived monotony 3.118 1.126  0.000  5.000
Quiet Degree of perceived quietness 2.633 1.187 0.000  5.000
Extensive Degree of perceived openness 27756  1.295 0.000 5.000
Vivid Degree of perceived vividness 2452 1.307 0.000 5.000
Oppressive Degree of perceived oppressiveness 3.000 1.195 0.000 5.000
Window view variables — image-area proportions, defined in Table 4
Land cover variables — area proportion within a 1 km buffer
LC_Water Proportion of water 0.037 0.074 0.000 0.535
LC_Trees Proportion of tree cover 0.006 0.022 0.000 0.482
LC_Crops Proportion of cropland 0.006 0.030 0.000 0.339
LC_Built_Area Proportion of built-up area 0929 0.100 0.150  1.000
LC_Bare_Ground Proportion of bare ground 0.000 0.002 0.000 0.053
LC_Rangeland Proportion of rangeland 0.021  0.039 0.000 0.322
Building form variables — within a 1 km buffer
BD Building density, >, Api/Avuter (building  0.135  0.061 0.001  0.347
base area over buffer area)
FAR Floor area ratio, Y A;/Apufrer (total floor area  0.860 0.437 0.002  2.654
over buffer area)
BH Average building height (m) 14337 5.621 0.646 44.586
BH_SD Standard deviation of building height (m) 7.011 4373 0.019 35314
NDBI Normalised Difference Built-up Index, -0.093 0.043 -0.306 0.066
(SWIR — NIR)/(SWIR + NIR)
NDVI Normalised Difference Vegetation Index, 0.350 0.074 0.035 0.703

(NIR — Red)/(NIR + Red)
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(< 10 components), Random Forest (100 trees), SVR (RBF kernel), and XGBoost
(100 trees, learning rate 0.1, maximum depth 6); all remaining settings follow the
scikit-learn and XGBoost defaults. After determining the best model using R?
and Root Mean Square Error (RMSE), the SHAP method was employed to further

interpret the model.
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4. Results

4.1. Window view perception prediction performance

Table 7: Five-fold cross-validation performance of perception prediction models for the six win-
dow view perception dimensions. Test R?> and RMSE values are reported as mean + standard
deviation across folds.

Model Prefer Monotonous Quiet Extensive Vivid Oppressive
Test R
Ridge 0.662 +0.016 0.260 + 0.091 0.337 £0.158 0.631 £ 0.054 0.388 +0.043 0.574 £ 0.054
Lasso 0.654 +0.022 0.257 £ 0.052 0.334+£0.119 0.627 £ 0.038 0.350 £ 0.041 0.557 £ 0.058
ElasticNet 0.667 +0.022 0.271 + 0.057 0.357 £0.122 0.633 +0.038 0.385 + 0.047 0.571 £ 0.056
PLS 0.660 + 0.013 0.258 + 0.088 0.334 + 0.160 0.630 + 0.053 0.386 + 0.044 0.571 + 0.052
RandomForest ~ 0.650 + 0.035 0.367 + 0.025 0.497 £ 0.048 0.660 + 0.060 0.443 £ 0.078 0.590 + 0.051
SVR 0.652 + 0.041 0.364 + 0.063 0.452 + 0.068 0.618 +0.046 0.436 + 0.062 0.579 + 0.047
XGBoost 0.628 + 0.033 0.267 + 0.046 0.470 + 0.032 0.592 +0.073 0.426 + 0.064 0.568 +0.037
Hybrid NN 0.748 + 0.022 0.491 + 0.079 0.505 + 0.061 0.690 + 0.045 0.562 + 0.081 0.643 + 0.097
RMSE
Ridge 0.8402 +0.0178  1.2295 +0.1254 1.1760 +0.1820 0.8743 +0.0583 1.1168 +0.1011 0.9367 + 0.0357
Lasso 0.8494 + 0.0220 1.2348 +0.1318 1.1810+0.1480 0.8806 + 0.0381 1.1516 +0.1161 0.9553 + 0.0474
ElasticNet 0.8328 +0.0198  1.2227 +0.1246 1.1598 +0.1508 0.8731 +0.0400 1.1203 +0.1138 0.9405 + 0.0433
PLS 0.8430 +£0.0161 1.2320+0.1286 1.1784 +0.1839 0.8756 +0.0575 1.1185+0.1040 0.9400 + 0.0351
RandomForest  0.8542 +0.0551 1.1403 +0.1212 1.0272 + 0.0845 0.8384 +0.0707 1.0609 + 0.0819 0.9196 + 0.0314
SVR 0.8516 + 0.0564 1.1392 +0.0952 1.0708 + 0.0936 0.8909 + 0.0507 1.0711 +0.1099 0.9315 + 0.0335
XGBoost 0.8813 +0.0434 1.2254 +0.1153 1.0537 +0.0596 0.9184 +0.0768 1.0786 +0.0914 0.9451 +0.0185
Hybrid NN 0.7242 + 0.0177 1.0254 +0.1713 1.0164 + 0.0586 0.8024 + 0.0567 0.9374 + 0.0624 0.8507 + 0.0830

Table 7 presents the five-fold cross-validation performance of eight regression
models across the six perception indicators, reporting both test R* and RMSE as
mean =+ standard deviation over folds. The hybrid neural network, which inte-
grates visual features through its dorsal and ventral pathways, achieved the best
performance on every dimension, attaining the highest R*> and the lowest RMSE
throughout. Its mean test R? values ranged from 0.491 (Monotonous) to 0.748
(Prefer), consistently outperforming the linear baselines (Ridge, Lasso, Elastic-
Net, PLS) and the machine-learning baselines (Random Forest, SVR, XGBoost).
The improvement was most pronounced for the more perceptually variable di-
mensions such as Monotonous and Vivid, where the visual pathway raised R by
roughly 0.12 over the strongest baseline. Compared to other perception models
applied to streetscape perception prediction tasks, our models achieved compara-
ble performance (Ogawa et al., 2024).

Among all perception dimensions, the hybrid model for Prefer and Extensive
exhibited superior performance (R? of 0.748 and 0.690), indicating robust consis-
tency in people’s understanding of spatial extensiveness and their preferences for
urban views (Yang et al., 2023; Liang et al., 2024; Ogawa et al., 2024). The pre-
diction performance for Monotonous and Quiet was relatively lower (R* of 0.491
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and 0.505), reflecting greater variability in people’s perception of these dimen-
sions when evaluating urban environments through visual imagery. Nevertheless,
for Quiet the hybrid model still reduced RMSE to 1.0164 and clearly surpassed
all baselines, demonstrating that models can effectively assess human auditory
perceptions from visual cues in WVIs.

R? MSE RMSE
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Figure 7: Per-dimension performance of the best hybrid NN checkpoint (selected on validation
R?) on the training, validation, and test splits: R? (left), MSE (middle), and RMSE (right).

Figure 7 reports the per-dimension performance of the best hybrid NN check-
point across the training, validation, and test splits. On the held-out test set, the
model achieved R? values ranging from 0.560 (Monotonous) to 0.773 (Prefer),
with Prefer, Extensive, and Oppressive performing best (R of 0.773, 0.743, and
0.739) and correspondingly low RMSE (0.71-0.77). The gap between the training
R? (0.81-0.89) and the validation/test values indicates mild overfitting that is well
controlled by early stopping, while the close agreement between the validation
and test metrics confirms that the selected checkpoint generalises consistently to
unseen window views. The complete per-split metrics (R?>, MSE, and RMSE) for
all dimensions are reported in Appendix Table A.1.

We adopted spatial block K-fold cross-validation, in which entire hexagonal
blocks are held out so that the test views are geographically separated from those
used for training. Figure 8 compares the mean fold test R? obtained under random
stratified and spatial block splits for the six perception dimensions. The two cross-
validation schemes yield broadly consistent results, confirming that the model
captures genuine view—perception relationships rather than merely exploiting spa-
tial autocorrelation. For most dimensions the spatial block R? is only marginally
lower than the random stratified value (e.g. Prefer drops from 0.758 to 0.748 and
Oppressive from 0.649 to 0.643), while Monotonous and Quiet are essentially un-
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Figure 8: Comparison of the full hybrid NN performance (mean fold test R?) under random strati-
fied versus spatial block K-fold cross-validation across the six perception dimensions.

changed. The largest gap appears for Vivid (0.628 versus 0.562), indicating that
vividness predictions benefit the most from local visual similarity and are there-
fore the most affected when nearby views are withheld. Given that the spatial
scheme provides the more rigorous test of geographic transferability, we report
the spatial block results as our primary performance throughout; the complete
per-dimension values for both schemes are listed in Appendix Table A.2.

4.2. Ablation of visual feature pathways

To quantify the contribution of each input pathway, we conducted an ablation
study under the same spatial block K-fold protocol, progressively combining the
ResNet50 image pathway with the semantic segmentation features, the colour fea-
tures, and the floor-level variable. Figure 9 and Table 8 report the resulting fold
test R? for each configuration.

The ablation reveals that the ResNet50 image pathway is by far the dominant
source of predictive signal: on its own it already attains a test R?> of 0.716 for Prefer
and 0.648 for Extensive, whereas the tabular pathways without the image branch
are substantially weaker, with the colour-based configuration performing worst
across all dimensions (e.g. R? of only 0.145 for Quiet and 0.171 for Monotonous).
Augmenting the image pathway with semantic and colour features yields consis-
tent gains, and the full model that additionally incorporates the floor-level variable
achieves the best performance on four of the six dimensions (Prefer, Monotonous,
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Figure 9: Pathway ablation under spatial block K-fold cross-validation. Bars show the mean fold
test R? for each feature configuration across the six perception dimensions.

Quiet, and Oppressive). The remaining two dimensions, Extensive and Vivid, are
marginally better predicted without the floor variable (R? of 0.710 and 0.599 ver-
sus 0.690 and 0.562), suggesting that vertical position contributes little to these
perceptions and may introduce minor noise. Overall, the complementary fusion
of visual and environmental features in the full hybrid NN provides the most bal-
anced and robust performance across all perception dimensions.

4.3. Three types of window view perception emerged

Using, for each dimension, the best-performing spatial cross-validation fold
checkpoint (selected on test R?; Section 4.1), trained on the surveyed 499 WVIs,

Table 8: Pathway ablation results (mean fold test R?, spatial block K-fold). Configurations without
the ResNet50 image pathway are fitted with Ridge regression on the tabular features. The best
configuration in each dimension is shown in bold.

Configuration Prefer Monotonous Quiet Extensive Vivid Oppressive
ResNet50 only 0.716 0.443 0.460  0.648 0.590 0.636
Semantic + Floor (Ridge) 0.638 0.257 0342  0.630  0.321 0.552
Colour + Floor (Ridge) 0.545 0.171 0.145 0.528 0.234 0.374
Semantic + Colour + Floor (Ridge) 0.662 0.260 0.337 0.631 0.388 0.574
ResNet50 + Semantic + Floor 0.734 0.444 0.476  0.697 0.592 0.627
ResNet50 + Colour + Floor 0.745 0.462 0466  0.649  0.560 0.641

ResNet50 + Semantic + Colour (no Floor) 0.731 0.455 0.464 0.710 0.599 0.617
Full (ResNet50 + Semantic + Colour + Floor) 0.748 0.491 0.505 0.690 0.562 0.643
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Cluster Types: Perception Profiles Mean Perception Scores by Cluster Type
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Figure 10: Three types of window view perception emerged from urban-scale window view per-
ception prediction.

we applied the six perception prediction models to all 12,334 images for urban-
scale window view perception analysis. Through clustering analysis based on
the predicted perception scores, three distinct types of window view perception
emerged, as illustrated in Figure 10.

The radar chart in the upper left shows the perception profiles for each cluster
type, while the heatmap on the upper right displays the mean perception scores
across the six dimensions. Type 1 (Prefer + Extensive) is characterised by
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high scores in Prefer (4.03) and Extensive (4.12), representing window views
with expansive, unobstructed panoramas that people find most appealing. These
views typically feature wide-open landscapes, distant horizons, and varied archi-
tectural elements. Type 2 (Monotonous + Oppressive) exhibits elevated scores
in Monotonous (3.98) and Oppressive (3.79), representing constrained window
views dominated by repetitive facades of many close buildings, thus with limited
openness and less greenery. Type 3 (Quiet + Vivid) shows higher scores in Quiet
(3.89) and Vivid (3.79), representing human-scale window views of more green
spaces and low-rise environments that make people feel peaceful and tranquil.

The representative WVIs for each type validate the classification: Type 1
showcases viewpoints where people sweep urban vistas and natural landscapes,
with the most open and extensive window views; Type 2 displays dense, oppres-
sive urban environments with repetitive built forms; and Type 3 presents verdant,
human-scale low-rise environments with abundant vegetation. These distinct per-
ception types demonstrate the model’s effectiveness in capturing the multidimen-
sional nature of human window view perception and provide a framework for
understanding urban living quality from residents’ perspectives.

4.4. Horizontal-vertical distribution of urban-scale window view perception

To understand the spatial patterns of window view perception across the entire
city, we conducted a comprehensive spatial analysis examining both horizontal
distribution and vertical variation of window view perception. The study reveals
significant spatial autocorrelation and clustering patterns that reflect the underly-
ing built environment characteristics of Wuhan city.

Table 9: Global Moran’s I of window-view perceptions, computed for all floors combined (one
mean value per apartment-complex location) and separately for each floor level. Significance:
**p < 0.001, "p < 0.01, *p < 0.05; values without a marker are not significant.

All floors (n = 1,377) Low floor (n = 984) Middle floor (n = 1,082) High floor (n = 1,039)

Perceptions  Moran’s I z Moran’s 1 z Moran’s 1 z Moran’s 1 z

Prefer 0.066™ 3.245 0.096" 3.573 0.025 0.998 0.050 1.917
Monotonous  0.096"* 4.661 0.082* 3.043 0.068™ 2.690 0.055* 2.100
Quiet 0.070™ 3.434 0.040 1.510 0.070™ 2.746 0.072™ 2.765
Extensive 0.051* 2.519 0.086™ 3.187 0.024 0.957 0.075™ 2.866
Vivid 0.123* 5.967 0.155* 5710  0.112" 4.396 0.078* 2.963
Oppressive 0.071"* 3.462 0.090" 3.339 0.033 1.316 0.054* 2.083

Global Moran’s I analysis confirms statistically significant positive spatial au-
tocorrelation for all six perception dimensions (Table 9, all p < 0.05). Vivid
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exhibits the strongest spatial clustering (Moran’s I = 0.123, z = 5.97), followed
by Monotonous (0.096) and a closely grouped Oppressive (0.071), Quiet (0.070)
and Prefer (0.066), while Extensive shows the weakest—yet still significant—
clustering (0.051, z = 2.52, p = 0.012). The positive and significant statistics
indicate that complexes with similar window-view perceptions tend to be geo-
graphically close, reflecting the spatially structured nature of the built environ-
ment in Wuhan; the relatively modest magnitudes are consistent with perceptions
aggregated at the fine, complex-level resolution rather than over coarse spatial
blocks.

Disaggregating the analysis by floor level reveals that spatial clustering is not
uniform across building heights (Table 9, floor-level columns). Vivid again shows
the strongest and most consistent autocorrelation, remaining highly significant at
every level while weakening monotonically from the low (0.155) to the high floor
(0.078); this gradient suggests that the perceived vividness of low-floor views
is most tightly tied to the immediate local environment, whereas higher vantage
points open onto broader, more heterogeneous cityscapes that dilute local simi-
larity. Prefer, Extensive and Oppressive exhibit the highest clustering at the low
floor and lose significance at the middle floor, indicating that street-level prefer-
ence, openness and oppressiveness are governed by localised ground conditions
that become spatially diffuse mid-rise. In contrast, Quiet displays the opposite
pattern, being non-significant at the low floor (0.040, p = 0.131) but significantly
clustered at the middle and high floors, consistent with quietness being shaped
by elevation-dependent factors such as distance from street-level noise. Overall,
low-floor perceptions are the most spatially structured for most dimensions, while
the middle floor shows the weakest and least consistent clustering.

Figure 11 presents the urban-scale spatial distribution patterns of six percep-
tion indicators across three floor levels (low-level, middle-level, high-level) and
their differences (high-low). The top three rows show perception score distribu-
tions using hexagonal grids, with colour intensity representing score magnitude.
The cumulative score plots at the bottom reveal distinct patterns: higher floors
generally exhibit higher scores for Prefer, Monotonous, and Extensive percep-
tions, while lower floors are associated with higher Quiet and Vivid perception
scores. The high-low difference maps clearly illustrate these vertical gradients,
with red areas indicating higher scores at upper floors and blue areas showing
higher scores at lower floors.

The hotspot and coldspot analysis (Figure 12) provides more detailed spatial
insights by using local Getis-Ord Gi1* statistics for low, middle, and high floor
levels separately. Examining the general patterns across all floors, Prefer and Ex-
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Perception Score Distribution Across Floor Levels
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Figure 11: Urban-scale spatial distribution of six perception indicators across floor levels.

tensive show similar spatial distributions, with hotspots (red areas) typically con-
centrated in southwestern Wuhan and coldspots (blue areas) in rapidly developed
high-rise districts, including Baishazhou, Qingshan, and Dongxihu. Conversely,
Monotonous and Oppressive exhibit hotspots precisely in these high-density de-
velopment areas. Quiet and Vivid display comparable patterns, with coldspots
primarily in central urban areas (Hankou and Hanyang) and hotspots distributed
around the city’s periphery, where lower-density, greener environments prevail.
However, these patterns vary considerably across low-, middle-, and high-level
floors, as shown in the different rows of the analysis. The representative WVIs
accompanying each map validate these spatial patterns, showing the visual char-

35



Hotspot & Coldspot Analysis for Window View Perception Indicators
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Figure 12: Hotspot and coldspot analysis of urban-scale window view perception.

acteristics of featured WVI samples in highlighted areas.

Notably, these spatial distribution patterns align well with the three types of
window view perceptions identified above. Areas with Type 1 (Prefer + Exten-
sive) perception characteristics — featuring expansive and appealing views —
correspond to the hotspots featuring Prefer and Extensive perception in south-
western Wuhan. Type 2 (Monotonous + Oppressive) areas, characterised by
repetitive building elements and constrained city views, match the hotspots featur-
ing Monotonous and Oppressive perception in high-density urban districts. Type
3 (Quiet + Vivid) areas, representing green spaces and low-rise urban environ-
ments, align with the hotspots featuring Quiet and Vivid perception around the
city’s periphery. This geospatial-typological correspondence demonstrates that
our window view perception clustering not only captures meaningful perceptual
information but also reflects the actual geographic distribution of different percep-
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tions driven by the corresponding urban environment across Wuhan city.

Figure 13 presents a comprehensive statistical analysis of window view per-
ception scores across multiple aspects. The distribution histograms at the top of
the figure show that the positively valenced dimensions are skewed toward lower
values, with Vivid, Prefer, and Quiet exhibiting the most pronounced concentra-
tion in the lower score ranges, whereas the negatively valenced Monotonous and
Oppressive dimensions are centred slightly above the scale midpoint and Exten-
sive is spread more evenly. This pattern suggests that most urban window views
in Wuhan offer limited positive visual experience; the spike at the 5-point mark
reflects the score rescaling, in which the top-scoring images are capped at the
maximum value of 5. The cluster type analysis (third panel) validates our three-
type classification of window view perception, showing significant differences
(x* *p < 0.001) between types across all perception dimensions. Type 1 consis-
tently exhibits the highest Prefer and Extensive perception scores; Type 2 shows
higher Monotonous and Oppressive perception scores; and Type 3 demonstrates
higher Quiet and Vivid perception scores, confirming the robustness of our per-
ception clustering.

The three floor-related analyses reveal systematic relationships between ver-
tical floor level position and window view perception patterns. Moran’s I spatial
autocorrelation analysis by floor level (second panel) shows that spatial cluster-
ing patterns vary across vertical positions, with all perceptions maintaining sig-
nificant autocorrelation (marked with asterisks) at most floor levels. Vivid and
Monotonous perceptions demonstrate consistent geospatial clustering across all
three floor levels, whereas other perceptions show varying degrees of spatial de-
pendence by floor level. The floor-level analysis (bottom panel) reveals distinct
vertical gradients with significant perceptual differences across floor levels for
all perceptions except Oppressive (marked as n.s. between the low and middle
floor levels). Higher floor levels are significantly associated with increased Prefer,
Monotonous, and Extensive perception scores, reflecting enhanced visual access
to open views and a broad city landscape. Conversely, lower floor levels exhibit
significantly higher Quiet and Vivid perception scores, likely due to closer prox-
imity to street-level vegetation and human-scale environments. The trend lines
clearly illustrate these vertical gradient patterns, with Quiet perception showing a
notable decline from low to high floor levels, while Prefer and Extensive percep-
tions show ascending trends.
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Distribution of Re-scaled WVI Perception Scores
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Figure 13: Differences in perception scores across floors. Statistical significance was assessed
using the Mann-Whitney U test (*%*: p < 0.001, n.s.: Not Significant).
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Figure 14: Correlation coefficients between six window view perception indicators and urban
environment variables.

4.5. Environmental factors influencing window view perception

The correlation analysis among all variables in our inference modelling re-
veals distinct groups of correlated variables, as illustrated in Figure 14. Highly
correlated variables are predominantly located in the upper-left and lower-right
corners of the figure. The upper-left cluster primarily encompasses the six win-
dow view perception dimensions along with key city landscape elements in the
WVIs: WV_Sky, WV_Highrise, WV_Lowrise, and WV _Tree. Among the perception
dimensions, Extensive — a relatively positive perception — exhibits a strong pos-
itive correlation with Prefer, whereas the negative perceptions (Monotonous and
Oppressive) correlate negatively with Prefer. Quiet and Vivid show only weak
correlations with Prefer but a clear positive correlation with each other, while
Extensive and Oppressive display a strong negative correlation with one another.
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Furthermore, the strong correlations between the land cover and building form
variables in the lower-right corner underscore the necessity of employing models
insensitive to multicollinearity and of using VIF to filter predictors.

Performance comparisons across the candidate inference models are presented
in Table 10. We emphasise that these inference models—which regress the built-
environment variables on the perception scores to reveal which environmental
factors drive perception—are separate from the hybrid neural network prediction
model of Stage 3 that generates the citywide perception scores. Among the in-
ference models, XGBoost, which combines regularisation with decision trees,
achieved the highest R*> values and the lowest RMSE across all six perception
dimensions. The tree-based and kernel models (XGBoost, Random Forest, and
SVR) consistently outperformed the linear models (Ridge, Lasso, ElasticNet, and
PLS), indicating that the relationships between environmental factors and window
view perception are partly non-linear. Explanatory power also varied markedly
across dimensions: the models accounted for the most variance in Extensive
(R* = 0.80), Prefer (R* = 0.79), and Oppressive (R> = 0.74) perceptions, but
explained considerably less for Monotonous (R> = 0.48), Quiet (R*> = 0.55), and
Vivid (R*> = 0.56) perceptions, suggesting that the latter are shaped by factors
beyond the measured built-environment variables. Consequently, we employed
XGBoost in conjunction with SHAP to explore how environmental factors influ-
ence multidimensional perceptions of window views.

Table 10: Comparison of R> and RMSE across candidate inference models. These inference
models relate built-environment variables to perception scores and are distinct from the hybrid
neural network used for perception prediction (Stage 3).

Model Prefer Monotonous Quiet Extensive Vivid Oppressive
R? RMSE R? RMSE R? RMSE R? RMSE R? RMSE R? RMSE
Ridge 0.7347 0.7108 0.3859 0.8903 0.4263 0.8867 0.7514 0.6428 0.3682 1.0364 0.6833 0.6750
Lasso 0.7117 0.7410 0.3472 09179 0.3721 0.9276 0.7231 0.6784 0.3127 1.0810 0.6545 0.7049
ElasticNet 0.7230 0.7262 0.3685 0.9029 0.4042 0.9036 0.7387 0.6591 0.3459 1.0546 0.6682 0.6909
PLS 0.7344 0.7112 0.3853 0.8908 0.4250 0.8877 0.7514 0.6428 0.3602 1.0429 0.6842 0.6741
RandomForest 0.7726 0.6581 0.4564 0.8376 0.5254 0.8065 0.7888 0.5924 0.5211 0.9024 0.7194 0.6353
SVR 0.7722 0.6586 0.4572 0.8370 0.5178 0.8129 0.7860 0.5964 0.5096 0.9131 0.7215 0.6330
XGBoost 0.7855 0.6391 0.4788 0.8202 0.5513 0.7842 0.8027 0.5727 0.5614 0.8635 0.7379 0.6140

Before interpreting these results, we emphasise that the XGBoost—-SHAP anal-
ysis identifies statistical associations between the built-environment variables and
the predicted perception scores, not causal mechanisms. SHAP values quantify
each variable’s partial contribution to the model output given the observed data,
but the built-environment predictors are mutually correlated (e.g. visible roads
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tend to co-occur with denser, noisier built environments), so an attribution as-
signed to one variable may partly reflect confounding with co-varying factors that
we did not measure. The directions and magnitudes reported below should there-
fore be read as model-derived tendencies to be confirmed by controlled or longi-
tudinal studies, rather than as the isolated causal effects of individual elements.

Using XGBoost and SHAP methodology, we identified the ten most influen-
tial variables in the regression models for each perception dimension, illustrated
in Figure 15. Across all perceptions, the top five variables consistently comprised
window view semantic elements, indicating that visible city landscape features
are the strongest correlates of window view perception compared to other indirect
built environment indicators. Building form-related variables, such as building
density (BD) and building height standard deviation (BH_SD), showed minor im-
portance for specific perceptions such as Monotonous and Vivid. In contrast, land
use variables had a negligible impact on perception outcomes.
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Figure 15: Variable importance analysis using XGBoost and SHAP methodology.

Four key window view variables — WV_Sky, WV_Highrise, WV_Lowrise, and
WYV _Tree — demonstrate substantial influence across most perception dimensions:

e SKky visibility (WV_Sky) plays a crucial role in perceptions such as Prefer,
Quiet, Extensive, and Oppressive. Increased sky visibility could enhance
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window views and spatial openness, helping reduce feelings of oppression.
However, expanded sky views may also diminish perceived quietness, po-
tentially due to associations with increased exposure to urban noise sources.

e High-rise buildings (WV_Highrise) significantly influence perceptions of
Prefer, Monotonous, Extensive, Vivid, and Oppressive. A greater pres-
ence of high-rise buildings intensifies residents’ feelings of oppression and
monotony, suggesting that dominant vertical elements in window views
could evoke psychological constraints and discomfort. Conversely, high-
rise buildings tend to reduce preference, perceived openness, and vividness,
indicating that extensive high-level views on high-rise buildings may com-
promise visual perception from nearby buildings.

o Low-rise buildings (WV_Lowrise) exert relatively moderate influence, con-
tributing positively to Prefer, Extensive, and Vivid perceptions while reduc-
ing monotonous feelings. Unlike high-rise buildings, low-rise buildings do
not significantly obstruct views or induce psychological pressure. Instead,
their diverse architectural forms may enhance visual diversity and reduce
monotony.

e Vegetation (WV_Tree) emerges as the most influential variable for Monotonous,
Quiet, and Vivid perceptions. Vegetation can enhance feelings of tranquil-
lity and liveliness, increase overall visual preference, and reduce Monotonous
perception. However, these benefits are not unconditional: beyond a modest
share of the view, dense tree cover progressively curtails perceived openness
(Extensive) by obstructing distant sight lines, and very high coverage is as-
sociated with a mild rise in oppressive feelings.

Figure 16 further unpacks these relationships, tracing how the modelled contri-
butions of the three view elements with the largest SHAP effect ranges (WV_Sky,
WV _Tree, and WV_Highrise) evolve as their visible proportions increase. The
LOWESS-smoothed SHAP curves are distinctly non-linear: the benefits of sky for
Prefer and Extensive accumulate steadily but trade off against Quiet once sky ex-
ceeds roughly 10% of the view frame; the positive contributions of trees to Vivid
and Quiet rise steeply at low coverage (around 3-5%) before saturating, while
their penalty on Extensive deepens with additional coverage; and high-rise build-
ings increase Oppressive and Monotonous perceptions across their range, with
their contributions to Prefer and Extensive switching from positive to negative at
approximately 9% of the view. The vertical dotted lines mark these sign-switch
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thresholds, which we revisit as candidate composition-based design references in
the Discussion.

Non-linear Relationships Between Related Landscape Features and Window View Perception
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Figure 16: Non-linear relationships between key city landscape features and window view percep-
tions. Rows correspond to the three view elements with the largest SHAP effect ranges (WV_Sky,
WV _Tree, and WV_Highrise); columns show, for each element, the four perception dimensions
it affects most strongly, ordered from benefits (left) to trade-offs (right). Panel headers indicate
whether the element’s modelled contribution constitutes a benefit, a cost, or a trade-off for the
corresponding perception. Vertical dotted lines mark where the LOWESS-smoothed SHAP curve
crosses zero, i.e. where the modelled contribution of the element switches sign.

Additional landscape elements show specific perceptual associations: higher
proportions of visible roads (WV_Road) are associated with lower Quiet percep-
tion, possibly reflecting the co-occurrence of visible transportation infrastructure
with denser, noisier urban environments. Grass (WV_Grass) is associated with
higher Vivid and Quiet perceptions, suggesting that ground-level vegetation may
accompany greater visual liveliness and environmental serenity. Among built
environment variables, higher building density (BD) and greater building height
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variation (BH_SD) are associated with Monotonous and Oppressive perceptions,
consistent with dense, varied urban morphology co-occurring with more negative
psychological responses. Finally, NDVI is associated with slightly lower oppres-
sive feelings, while higher NDBI is associated with higher Monotonous percep-
tion, pointing to the contrasting correlates of vegetation density versus built envi-
ronment intensity.

5. Discussion

5.1. Implications for urban design and planning practice

The findings offer empirical support for urban design and planning. We stress
that these computational results are intended to inform rather than dictate design
decisions: they offer a strong empirical support for design intuition, not a de-
terministic rulebook. The identification of optimal city landscape compositions
and horizontal-vertical perception patterns offers actionable insights for creating
psychologically supportive environments for residents, which should be weighed
alongside the cultural, regulatory, programmatic, and aesthetic considerations that
fall outside the scope of any urban computational model.

Given the demonstrated positive impacts of window views on psychological
well-being, several established built environment evaluation standards have incor-
porated window view assessment as a criterion (Abdelrahman et al., 2023). The
current consolidated edition of the European daylight standard, EN 17037:20184+A1:2021
(Daylight in Buildings), includes a dedicated assessment of view out based on the
dimensions of the view opening, horizontal sight angle, outside viewing distance,
the number of visible view layers — sky, landscape, and ground — and the
quality of the environmental information provided by the view (European Com-
mittee for Standardization, 2021). The current WELL Building Standard v2 ad-
dresses connections to nature under its Mind concept, particularly through features
concerning access and enhanced access to nature, which recognise visual as well
as physical contact with natural elements (International WELL Building Institute,
2025). In LEED v5 for Building Design and Construction, Quality Views is in-
corporated as a pathway within the EQc2 Occupant Experience credit. It awards
points where views of an outdoor natural or urban environment are provided to
at least 75% or 90% of the regularly occupied floor area and specifies additional
requirements concerning glazing, visible content, viewing distance, and occupant
proximity to the view (U.S. Green Building Council, 2025). Similarly, BREEAM
International New Construction Version 7 assesses view out within its Hea,01 Nat-
ural Light issue, alongside its daylight and glare-control provisions (BRE Global,
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2025). Although these schemes specify various requirements concerning access to
views, sightlines, viewing distance, glazing, visible layers, or broad categories of
view content, they generally do not prescribe quantitative thresholds for the pro-
portional composition of individual visual elements, such as the respective shares
of buildings, vegetation, and sky within the window view. Equally important,
the majority of these standards operate at the scale of the individual building or
dwelling, specifying view-quality criteria assessed per window or per regularly
occupied space; they are not designed to support assessment or benchmarking at
the urban scale. Although their per-window criteria can in principle be extended to
city-wide contexts, doing so requires bridging this scale gap — precisely the gap
that our citywide, imagery-based framework is intended to address. Our findings
provide candidate reference points that could help inform such composition-based
metrics. In our Wuhan dataset, the modelled contribution of visible high-rise
buildings to perceived preference and openness switched from positive to neg-
ative once high-rise facades exceeded roughly one tenth of the panoramic view
frame — approximately one quarter of the average exterior view, as assessed from
a viewpoint positioned one metre from the window — and deteriorated steadily
thereafter (Figure 16). Similarly, the benefits of visible sky for preference and
openness came at the cost of perceived quietness once sky exceeded a comparable
share of the view. These values may be interpreted as indicative design references
rather than fixed thresholds.

Strategic integration of the city landscape into window views should main-
tain balanced compositions across window views at different floor levels. Urban
designers and planners should consider sight-line methodology to reserve sight
corridors that preserve visual access to the sky and distant features from build-
ings while incorporating diverse natural elements at multiple urban scales with
methodologies such as vertical greening and pocket parks (the indicative design
strategy map introduced below). The differential impacts of high-rise buildings
versus low-rise buildings suggest opportunities for thoughtful urban design strate-
gies. Planning urban sight corridors, strategically placing low-rise structures,
and varying building heights can mitigate the visual monotony associated with
high-rise building clusters (Wang and Munakata, 2024a). In dense urban contexts
where high-rise buildings are necessary, vertical greening strategies — includ-
ing green walls, vegetated balconies, and integrated landscape features on build-
ings — can enhance visual preference and reduce potential oppressive sensations
(Chung et al., 2022).

Urban designers should adopt integrated approaches that combine natural and
architectural elements. This method should focus on creating window views with
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diverse and visually appealing city landscapes while reducing monotonous and
oppressive building arrangements, which may help improve residents’ life satis-
faction and mental well-being in dense urban areas. To demonstrate how these
implications can be operationalised at the city scale, we translated the predicted
perception scores and visible-environment composition into six complementary
design-support maps, assembled in the upper panel of Figure 17 (computational
details in the Appendix). The set is designed to answer distinct planning ques-
tions: a design-priority index locates where negative window-view experience
concentrates; an indicative design-strategy map assigns each hexagon the most
actionable intervention type (vertical or facade greening, additional vegetation
and pocket parks, road buffering and screen planting, or preservation of sight cor-
ridors) according to its dominant visible-environment issue; a vertical-greening
priority map highlights areas where visible high-rise massing, oppressive sensa-
tions, and scarce visible greenery coincide; a view-quality inequality map exposes
neighbourhoods where a favourable average conceals large disparities between
dwellings; a low-floor quality deficit map identifies where lower floors lag sub-
stantially behind upper floors and may warrant low-level planting and sight-line
design; and a composite view-quality index provides a citywide benchmark dis-
tinguishing priority cold spots from reference exemplars. Consistent with our
positioning of the framework as decision support, these maps indicate where and
what type of intervention may be most beneficial, rather than prescribing specific
design solutions; they are intended as a spatial evidence layer to be combined with
the situated knowledge of designers, planners, and communities.

Taken together, the implications above are best understood as computational
evidence that complements, rather than replaces, professional design judgement.
Our framework can surface human-centred perceptual tendencies at an urban scale
and flag where window-view quality may be compromised, but translating these
signals into specific interventions and planning actions still requires the situated
expertise of urban designers and planners, who must reconcile them with site con-
text, regulatory constraints, and stakeholder values. We therefore position this
work as a human-centred decision-support tool that strengthens, but does not sup-
plant, the creative and contextual reasoning at the heart of the design process.
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Beyond the design-directed mapping in its upper panel, Figure 17 (bottom)
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illustrates a broader ”City in Sight” paradigm that contextualises this research
within a comprehensive visual assessment of urban affordance (VAUA) frame-
work, where urban affordance refers to how the built environment supports hu-
man perception and social activities. This figure proposes that WVI complements
SVI to create a holistic approach for visual assessment of the urban environment.
While SVI captures streetscape perceptions from pedestrian perspectives in public
spaces, WVI provides complementary insights into window views from interior
viewpoints in residential buildings — representing the private, intimate experience
of city landscapes from within residents’ homes. Together, these two imagery
types form the foundation of the VAUA framework, enabling urban designers and
planners to consider both public space experiences and private residential visual
quality in integrated urban planning decisions, to better support social dynamics
in future cities. This closed-loop framework supports evidence-based urban de-
sign and planning that addresses the full spectrum of human living experiences in
the city.

5.2. Limitations and future research directions

Some limitations need further discussion and future work. First of all, data
collection in this study was limited to Wuhan city, which may raise questions
about the generalisability to other cities with different urban morphologies and
cultural contexts. Future research should expand to more cities for diverse urban
contexts, balancing comprehensiveness with the practical challenges of multi-city
data acquisition (Peng et al., 2023).

Secondly, the real estate imagery underlying this study captures each view
under fixed — and systematically favourable — atmospheric and temporal con-
ditions. Because such imagery is produced for marketing purposes, it carries a
selection bias: agents tend to photograph listings under favourable weather, opti-
mal lighting, and advantageous camera angles, so images captured on rainy, hazy,
or poorly lit days rarely appear in listings. This bias is likely to elevate the baseline
scores of the positively valenced dimensions — particularly Prefer and Extensive
— relative to residents’ everyday lived experience. Two factors partially miti-
gate this effect: our dataset draws on standardised 360-degree panoramic balcony
tours on Lianjia platform rather than free-form photography, which constrains
photographer discretion; and the large, spatially diverse sample (12,334 images
from 1,377 complexes across urban and suburban Wuhan) attenuates the influence
of any individual listing decision on the aggregate, citywide findings. The fixed
capture conditions also mean that, although the non-immersive VR platform pro-
vides more realistic window view experiences than traditional static image ques-
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tionnaires, the perception survey cannot reflect the dynamic elements of reality
— moving clouds, vegetation changes across seasons, varied weather conditions,
and daily sunlight transitions — that are known to influence human perceptions
of window views (Rodriguez et al., 2021; Moscoso et al., 2021; Ko et al., 2022).
The absolute perception levels should therefore be read as upper-bound tenden-
cies, and future studies should incorporate WVIs spanning multiple seasons, times
of day, and weather conditions — for example through video-based VR experi-
ences or repeated captures over time — to reduce this atmospheric and temporal
selection bias (Wang and Munakata, 2024a; Sharam et al., 2023). Accordingly,
our results should be interpreted as perceptions derived from the window views
that are available through real estate listing imagery, rather than as a complete
representation of all residential window views experienced by Wuhan’s residents.

Thirdly, our perception labels were crowdsourced from 304 participants, a
sample size that is reasonable for the pairwise comparison design. However, we
did not collect detailed demographic information from participants, and percep-
tions of window views may vary with age, income, residential experience, cultural
background, and housing preference, as recent large-scale work on street-view
perception has shown that urban visual perception varies systematically across
demographics and personalities (Quintana et al., 2025). The reported perceptions
should therefore be read as an aggregate signal that may not capture system-
atic differences across population subgroups; collecting demographic covariates
to model such perceptual heterogeneity — for example, how preferences differ
across age groups or housing situations — is an important direction for future
work.

Fourthly, the current framework focuses on six key perceptual dimensions,
but additional aspects also need further investigation. More urban perception top-
ics — such as privacy, complexity, seasonal bias, and city landscape preferences
across cultures — could provide a more comprehensive understanding of window
view experiences (Ogawa et al., 2024; Zhao et al., 2025; Quintana et al., 2025).

Fifthly, all WVIs in this study represent living room balcony views, a deliber-
ate restriction that ensures functional consistency across samples and minimises
privacy-related confounds. Window views experienced from other room types —
such as bedroom windows, where privacy considerations may temper residents’
desire for visual connection to the outside — are therefore not represented in the
dataset. Since perceptual responses may vary with room function and its associ-
ated expectations, future studies should examine how window view perceptions
differ across room types, for example between communal living spaces and more
private bedroom settings.
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Sixthly, this study focuses exclusively on view content and does not account
for view access (e.g., window size, orientation, sill height, and shading conditions)
or view clarity (e.g., glazing quality, condensation, and physical obstructions).
Even highly desirable view content may be diminished in practice by poor view
access or clarity. Future work should integrate these complementary dimensions
for a more holistic assessment of window view quality with real estate imagery
(Ko et al., 2021).

Finally, the inference models and their SHAP attributions should be inter-
preted as associations rather than causal effects. SHAP quantifies how each pre-
dictor contributes to a model’s output given the observed data, but the analysis is
cross-sectional and observational, and the built-environment predictors are mutu-
ally correlated (e.g. the compositional window-view and land-cover proportions).
Consequently, the directions and magnitudes we report reflect statistical relation-
ships learned by the model, not the outcome of controlled interventions; an ap-
parent effect of one variable may partly stand in for co-varying environmental or
socio-spatial factors that we did not measure. We therefore interpret individual
SHAP attributions with caution, mindful of the residual collinearity among pre-
dictors (Appendix, Figure A.1), and frame the design implications as hypotheses
to be confirmed by longitudinal or experimental studies that manipulate window-
view composition directly.

Moreover, future research could benefit from integrating physiological mea-
surement techniques and equipment (eye-tracking devices, EEG, stress indicators)
with perceptual surveys to validate human psychological responses (Liu et al.,
2025; Yang et al., 2026) and incorporate more advanced computational methods,
such as semantic urban scene understanding (Ito et al., 2025), 3D or network-
based city modelling analysis (Yap et al., 2023; Fan et al., 2025b; Fujiwara et al.,
2026), and multimodal sensory integration (Fujiwara et al., 2024; Cheng et al.,
2025; Yang et al., 2025a). The development of real-time assessment tools and
integration with urban digital twin platforms also represents promising directions
for future practical applications (Lei et al., 2025, 2026). Furthermore, integrating
LLM-based reasoning-capable Al agents (Yang et al., 2025¢) could enable more
sophisticated decision-making frameworks that transparently evaluate trade-offs
among visual quality of the city landscape, regulatory constraints, and stakeholder
preferences in urban design and planning applications.
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6. Conclusions

This study establishes a comprehensive, scalable, and fully crowdsourced frame-
work for modelling and understanding human perceptions of urban window views.
By integrating crowdsourced real estate imagery — uploaded by property agents
and sellers — with crowdsourced perceptual assessments and a hybrid neural net-
work for perception modelling, we demonstrate the potential of a dual-crowdsourced
framework (multiple urban data streams) for window view perception research.
By analysing 12,334 real WVIs from Wuhan city, China, combined with 27,477
valid pairwise visual-perceptual comparisons across six subjective perception di-
mensions, we developed and validated hybrid neural network models capable of
predicting multidimensional perception scores at an urban scale.

The research reveals systematic horizontal-vertical patterns in window view
perception, reflecting impacts of urban environmental characteristics. Spatial au-
tocorrelation analysis reveals significant geospatial clustering in window view per-
ception, with vivid showing the strongest dependence. Floor level influences per-
ceptions of window views: higher floors are associated with greater openness and
preference, while lower floors offer greater quiet and vividness.

Critically, the study identifies non-linear relationships between city landscape
elements and human psychological responses, challenging assumptions about the
monotonic benefits of natural features on human perception. Sky visibility and
vegetation exhibit clear trade-offs — expanded sky views diminish perceived quiet-
ness, and dense tree cover curtails perceived openness by blocking distant sight
lines — while the contribution of visible high-rise buildings to preference and
openness turns negative once they exceed roughly one tenth of the view frame
(about one quarter of the exterior view), underscoring the importance of balanced
city landscape compositions in urban views rather than maximising individual
components.

The SHAP-based interpretation framework provides actionable insights for ur-
ban design practice, suggesting indicative quantitative reference points that could
inform built environment evaluation standards, strategies for vertical greening
in dense developments, and approaches for creating diverse yet harmonious city
landscapes. The identification of three distinct window view perception types —
preferred-expansive views (Type 1), monotonous-oppressive views (Type 2), and
quiet-vivid views (Type 3) — provides a typological framework for understanding
and designing residential visual environments.

This framework demonstrates the feasibility and value of integrating fully
crowdsourced data — both WVIs and their perceptual labels from online sur-
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veys — with deep learning methodologies for comprehensive subjective window
view experience assessment at the urban scale. The approach provides a replicable
method for future window view perception analysis, with potential applications in
data-driven urban design, urban planning, window view quality evaluation, and
urban digital twins. Furthermore, it gives more attention to geo-tagged images
obtained from real estate ads, an emerging user-generated data source for urban
analytics. Future research should expand the geographic and cultural scope, in-
corporate temporal dynamics, and integrate additional perceptual dimensions to
enhance the framework’s comprehensiveness and applicability across diverse ur-
ban environments.
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Appendix

Spatial statistics

The Global Moran’s I statistic used to quantify the overall spatial autocorrela-
tion of each perception dimension is defined as

n 2 2 wij (xi — X)(x; — %)

AT A

(A.1)

where n is the number of locations, x; is the mean perception score at location
i, X is the global mean, w;; is the spatial weight between locations i and j, and
W = 3. 2. ;wij. The expectation under spatial randomness is E[/] = —1/(n — 1).

33


https://huggingface.co/datasets/sijiey/City-Landscape-In-Sight
https://huggingface.co/datasets/sijiey/City-Landscape-In-Sight

The local Getis-Ord G statistic used to identify hot spots and cold spots is
defined as

2 Wij Xj— X X wij

S \/ n 3w = (Zm)

n—1

G; =

where the weights w;; are derived from the six nearest hexagonal neighbours of
cell i, including the focal cell itself (w; = 1). The resulting G is a z-score whose
sign and magnitude indicate significant high-value (hot spot) or low-value (cold
spot) clusters.

Detailed model performance

Table A.1 reports the complete per-split performance of the best hybrid NN
checkpoint for each perception dimension, providing the detailed R?>, MSE, and
RMSE values summarised in Figure 7.

Table A.1: Detailed performance of the best hybrid NN checkpoint (selected on validation R?) for
the six window view perception dimensions across the training, validation, and test splits.

R? MSE RMSE
Dimension Train  Val Test Train Val Test Train Val Test
Prefer 0.885 0.695 0.773 0.2435 0.5680 0.5093 0.4934 0.7537 0.7137
Monotonous 0.842 0.569 0.560 0.3526 0.8936 0.7041 0.5938 0.9453 0.8391
Quiet 0.813 0.504 0.574 0.3766 1.1658 0.8567 0.6137 1.0797 0.9256
Extensive 0.874 0.760 0.743 0.2612 0.5307 0.5185 0.5111 0.7285 0.7201
Vivid 0.867 0.636 0.668 0.2749 0.6725 0.7704 0.5243 0.8201 0.8777

Oppressive  0.872 0.710 0.739 0.2494 0.6497 0.5944 0.4994 0.8060 0.7709

Spatial cross-validation comparison

Table A.2 reports the complete per-dimension comparison of the full hybrid
NN under random stratified and spatial block K-fold cross-validation, correspond-
ing to Figure 8.

Multicollinearity diagnostics

Figure A.1 reports the VIF values used to diagnose multicollinearity among
the inference predictors. Because the window-view and land-cover classes are
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Table A.2: Mean fold test R? of the full hybrid NN under random stratified versus spatial block
K-fold cross-validation for the six window view perception dimensions.

Dimension = Random stratified Spatial block A (random — spatial)

Prefer 0.7578 0.7482 +0.0096
Monotonous 0.4851 0.4906 —0.0055
Quiet 0.5047 0.5048 —0.0001
Extensive 0.7072 0.6897 +0.0175
Vivid 0.6281 0.5620 +0.0661
Oppressive 0.6494 0.6434 +0.0060

compositional (each group’s proportions sum to one), the raw VIF of the full 23-
predictor set is structurally inflated to extreme values (left panel, log scale). Fol-
lowing standard practice for compositional data, we dropped one reference cate-
gory from each group—the dominant class for the window-view (WV_Buildinginterior)
and land-cover (LC_Built_Area) proportions, and the most collinear urban-form
variable (FAR)—before recomputing the VIF with an intercept. After this correc-
tion, all retained predictors have VIF below the conventional threshold of 10 (right
panel; maximum = 8.5 for building height), indicating that the residual collinear-
ity is mild. As a further safeguard, the inference models we employ (regularised
linear models, PLS, and tree-based methods) are robust to multicollinearity, and
we interpret individual SHAP attributions with this residual collinearity in mind,
rather than as the fully isolated effects of single predictors.
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VIF — all 23 predictors (compositional inflation)

VIF — inference predictors (reference dropped)
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Figure A.1: Variance inflation factors (VIF) for the inference predictors. Left: all 23 predictors
(log scale), where the compositional window-view and land-cover proportions inflate the VIF;
the three dropped reference variables (WV_Buildinginterior, LC_Built_Area, FAR) are highlighted.
Right: the reference-dropped predictor set, for which all VIF fall below the threshold of 10.

SHAP attribution scatter plots

Figures A.2—A .4 present detailed SHAP scatter plots with LOWESS-smoothed
trends, illustrating the relationships between individual predictors and perception
scores across all six dimensions, grouped by window view, land cover, and build-
ing form variables.
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Figure A.2: SHAP scatter plots of window view variables and perception.
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Design-support mapping algorithms

This section details the computation of the six design-support maps shown
in the upper panel of Figure 17. All maps are built on the H3 hexagonal grid
(resolution 7): each WVI is assigned to the hexagon containing its complex coor-
dinates, and the predicted perception scores together with the visible-environment
composition are averaged per hexagon. Unless stated otherwise, X denotes the
min—-max normalisation of a hexagon-level variable x across all hexagons, ¥ =
(X = Xmin)/(Xmax — Xmin), and colour scales are clipped to the 2nd—98th percentile
of the mapped values.

(a) Design-priority index. The concentration of negative window-view expe-
rience, computed per hexagon as the average of the normalised Oppressive and
Monotonous scores and the inverted normalised Prefer score:

P = 1(Opp +Mon + (1 - Pre)), (A.3)

so that higher values flag areas warranting greater design attention.
(b) Indicative design strategy. A rule-based classification assigns each hexagon
the first matching strategy in the following sequence, where all comparisons are
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against the citywide median (denoted m(-)) of the hexagon-level values: (i) verti-
cal/facade greening if visible high-rise exceeds m(WV _Highrise) and Oppressive
exceeds its median; (ii) add vegetation/pocket parks if visible trees fall below
m(WYV _Tree) and either Monotonous is above or Vivid is below its median; (iii)
road buffering/screen planting if visible road exceeds its median and Quiet is be-
low its median; (iv) preserve sight corridors/openness if visible sky and Extensive
are both below their medians; otherwise (v) maintain (low priority). The rules are
evaluated in this order, so each hexagon receives a single indicative strategy.

(c) Vertical-greening priority. Analogous to Eq. (A.3), combining the nor-
malised visible high-rise proportion, the normalised Oppressive score, and the

inverted normalised visible-tree proportion, G = %(WVE?ngise + 51;}9 + (1 -

WYV _Tree)), so that high values identify areas where green walls, vegetated bal-
conies, and facade greening are most indicated.

(d) View-quality inequality. To expose within-area disparities hidden by hexagon
means, the composite view-quality index (VQI; Eq. (A.4) in item f below) is first
computed for each individual WVI (scaling each dimension over its point-level
range), and the inequality of a hexagon is the standard deviation of these point-
level values across all WVIs it contains. Hexagons with fewer than five WVIs are
excluded to ensure a stable dispersion estimate.

(e) Low-floor quality deficit. The hexagon-level VQI (Eq. (A.4)) is computed
separately for the low-floor and high-floor subsets of WVIs (floor categories as
defined in the Method section), and the deficit is their difference, A = VQI;,, —
VQl,,,, evaluated only for hexagons sampled at both levels. Positive values mark
areas where lower floors lag behind upper floors and may benefit most from low-
level greening and sight-line design, whereas negative values indicate the reverse.

(f) Composite view-quality index. A single index summarising all six percep-
tion dimensions. With each dimension scaled to [0, 1] over its observed range, the
index averages the positively valenced dimensions and the complements of the
negatively valenced ones:

var = +[1 > e+

512 > -9 (A.4)

c € {Pre,Qui,Ext,Viv} c € {Mon,Opp}

| =

Low values (cold spots) mark citywide priority zones, and high values reference
exemplars of good window-view quality.
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