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Introduction

Visible urban greenery reduces stress and supports cognition and emotional restoration,
and regular visual contact with vegetation is associated with lower depression and anxiety
(Elsadek et al., 2020; Yan et al., 2023). Yet most greenness assessments rely on overhead
indices rather than the human viewpoint, and street-view imagery, while eye-level
(Biljecki & Ito, 2021), still omits indoor perspectives such as window views.

As individuals spend roughly 70%-90% of their time indoors (Klepeis et al., 2001),
window views are an important connection to nature. Prior work has measured window-
level greenery through manual photography (Lin et al., 2022), LiDAR-based visibility
simulation (Bolte et al., 2024), and mesh-based photorealistic rendering (Li et al., 2022),
but at single-building or district scale. LIDAR captures geometry without appearance, so
it cannot separate canopy from other surfaces in the visible scene, and its coverage is
uneven; photorealistic 3D tiles offer consistent coverage supporting city-scale,
transferable analysis.

To address this gap, this study proposes an integrated 3D framework to quantify the
Window-Level Green View Index (WGVI) from simulated indoor perspectives. Focusing
on Houston, Texas, the analysis covers 48,398 buildings sampled from 622,600 city-wide,
yielding 921,162 window-view renderings. Two hypotheses are tested: (H1) WGVI
varies systematically with floor height due to visual obstruction and built environment
context; and (H2) built environment and vegetation jointly shape WGVI across building
types and floor levels.

Method

The framework comprises four steps: single-building localization, viewpoint calculation,
semantic segmentation, and statistical analysis relating WGVI to environmental variables.

Single-Building Localization

A Single-Building Localization algorithm aligns GlobalBuildingAtlas footprints with
Google Photorealistic 3D Tiles (Figure 1).



E' .Pm .

Scene Loading: Load 3D Tiles or
terrain and set camera view

Polygon Clipping: Clip 3D area

using polygon boundaries; Support —

normal or inverse clipping

}

Footprint Preprocessing: H
Normalize coordinates (WGS84); —
Extract building outlines i

Ground Conforming: Probe 3D : b “" . =
Tiles to detect ground elevation; i Buibding Base for Viewpaint Sampling
Adjust footprint base to align with
ground

LOD1 Extrusion: Generate
simplified ground-fitted 3D blocks

Figure 1: Single-Building Localization Algorithm

The 3D scene is loaded, the area is clipped, and footprint vertices are adjusted using 3D
Tiles elevation. For each vertex i, the adjustment is computed as Equation (1):

ﬁi = Pi + nidp - nidb (1)

where P;is the original vertex, n;the outward unit normal, d,,the probing distance, and

dp the backoff offset. After alignment, watertight LOD1 blocks are generated for
viewpoint sampling.

Viewpoint Calculation

Building on the localized models, we generate observation points and simulate fagade
perspectives (Figure 2).
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Figure 2: Viewpoint calculation for facade rendering, showing observer spacing along
the fagade and the outward camera orientation.

We extract building geometry and height from GlobalBuildingAtlas and extrude LODI1
models. Observer points are spaced along each fagade by facade length (5 m below 20 m,
10 m for 2050 m, 20 m above 50 m), inset 3 m from corners, and offset 0.8 m outward
along the fagade normal. Vertical positions are computed as

Zk=k><hf+h0+he (2)
where hfis floor height, hy ground elevation, and h,the eye height (1.5 m).

Floor height is 3.0 m and the camera sits 1.5 m above each slab, so the viewpoint labelled
floor k lies at h_0 + 3.0k + 1.5 m and represents storey k+1; the topmost sample of each
building therefore sits about 1.4 m above its roof. Cameras face outward along the fagade
normal, pitch and roll at 0°, with a 60° field of view following Li et al. (2022). Not every
storey is rendered: low-rise buildings contribute floors 1 and 2, mid-rise floors 1 and 3—
10, and high-rise floors 1, 4, 7, 10 and above.

Semantic Segmentation

We apply semantic segmentation to facade images, classifying pixels into vegetation,
water, sky, and building (Figure 3). A DeepLabv3+ model pre-trained on Cityscapes and
fine-tuned on the CIM-WV window-view dataset (Li et al., 2024) achieves a mean loU
of 0.879 on that benchmark. As CIM-WYV derives from Hong Kong, transfer to Houston
remains a source of uncertainty.
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Figure 3: Semantic Segmentation and Analysis Framework.

For each facade image I;of size H X W, the model produces a pixel-wise semantic label
map S;. The view ratio for each class cis calculated as

N¢

Ntotal

where N_is the number of pixels in class cand N;,4;the total number of valid pixels.
These ratios form the Window-Level Green View Index (WGVI), aggregated by building
and floor level.

Results
Study Area and Data

This study focuses on Houston, Texas (~4,600 km?; Figure 4). Building data come from
GlobalBuildingAtlas (Zhu et al., 2025). Following He et al. (2019), the 622,600 buildings
are classified as low-rise (<9 m; 1-2 floors), mid-rise (9—30 m; 3—10 floors), and high-
rise (>30 m; >10 floors). We stratify-sample about 10% of low- and mid-rise buildings
by ZIP code and retain all high-rise buildings. After failed renders are dropped, the
analysed set is 48,398 buildings (33,461 low-, 12,850 mid-, 2,087 high-rise), 98,368
building-floor records and 921,162 viewpoints. Tiles come from the Google Map Tiles
API and are used only as textured geometry, so the pipeline can be re-run on LiDAR-
derived meshes or open 3D city models.
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Figure 4: Distribution of buildings across Houston, Texas.

To examine how urban form and vegetation influence WGVI, we integrate built
environment variables following the 5Ds framework and vegetation indicators including
tree canopy coverage and distance to green space (Table 1).

Category Variable Data Source

Global Human Settlement Layer
Built environment (5Ds)  Building height (GHSL)

Built environment (5Ds)  Land-use diversity ~ Land-use dataset
Built environment (5Ds)  Road density Houston road network dataset

Distance to city
Built environment (5Ds)  center Urban center dataset

Built environment (5Ds)  Transit accessibility Bus stop dataset

Tree canopy
Vegetation coverage NLCD Tree Canopy dataset (USA)

Distance to green
Vegetation space Green land / park dataset

Table 1: Built environment (5Ds) and vegetation variables used in the analysis.

Spatial and Vertical Distribution of WGVI

Figure 5 maps WGVI across floor levels. WGVI generally increases with floor height in
low- and mid-rise buildings, indicating improved visual access to vegetation. This pattern



is absent in high-rise buildings, where greenery visibility does not consistently increase
with floor level.
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Figure 5: Spatial comparison of WGVI across floor levels: (A) first floor and (B) third
floor.

Note: Red indicates lower and green indicates higher WGVI (0-1).

Figure 6 aggregates WGVI by building height and floor level. Mean WGVI rises from
18.6% on the first floor to 26.7% on the second in low-rise buildings, and from 16.6% to
about 37% by the seventh floor in mid-rise buildings. High-rise buildings rise from 13.0%
to 34.2% by the seventh floor, peak near the eleventh, then fall to 18.0% by the sixteenth
and about 13% by the nineteenth.
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Figure 6: Heatmap of mean WGVI by building height and floor level.

Built Environment and Vegetation Influences on WGVI

To examine the associations between environmental variables and WGVI, Pearson
correlation analyses are conducted separately for low-, mid-, and high-rise buildings. Tree
canopy coverage is the strongest positive correlate and strengthens with building type (r
=0.22, 0.26, 0.53). Road density is negatively associated and also strengthens (r =-0.11,
-0.19, -0.59), as does building height in high-rise buildings (r = -0.54), indicating that
surrounding built form governs upper-floor views more than vegetation supply does.

Sensitivity analysis. Because viewpoints follow a standardized rule rather than surveyed
windows, we bound the uncertainty using the spread among rendered viewpoints. Within
one facade and floor the standard deviation is 4.7 percentage points (pp); across all
facades of a building floor it is 10.5 pp. At a median of eight viewpoints per building
floor, the standard error of a floor mean is 1.7-3.7 pp. WGVI shifts 2.2 pp per metre
vertically, so a 3.5 m rather than 3.0 m floor height would move a fifth-floor estimate by
about 5.6 pp. Fagade orientation, not lateral window position, dominates within-floor
variation.
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Figure 7: Pearson -correlation coefficients between WGVI and standardized
environmental variables across building types.

Discussion and Conclusion

This study quantifies window-view green visibility from simulated indoor perspectives
in Houston. H1 is partially supported: WGV increases with floor height in low- and mid-
rise buildings but not monotonically in high-rise buildings, where it peaks near the
eleventh floor and then declines. H2 is supported: tree canopy coverage is positively
associated with WGVI while road density and building height are negatively associated,
and all three strengthen with building type, so upper-floor views are governed more by
built form than by vegetation supply. Three limitations define the next steps. First, the
viewpoint rule samples each building's top floor above its roof; we will re-render at 3.0(k-
1) + 1.5 m. Second, WGVT is unvalidated against real imagery; we will match ground-
floor viewpoints to street-view panoramas and add on-site photography. Third, the
segmentation model is tuned on Hong Kong views, so we will re-tune it on annotated
Houston renders.
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