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ARTICLE INFO ABSTRACT

Street view imagery (SVI) is widely used in urban visual analysis and often treated as equivalent to eye-level
perception. Yet its limitations and contextual applicability remain underexplored. This paper conducts a diag-
nostic viewpoint-level comparison of an image-based SVI pipeline and a 3D model-based field-of-view (FOV)
method to clarify their respective weaknesses, strengths, and how they can be combined in practice (rather than
treated as interchangeable or numerically fused). Using the West Lake ring road in Hangzhou as a case study, we
analyze 2140 panoramas at 1075 viewpoints. The comparison shows systematic differences: SVI produces higher
green shares (+0.16 on average), while FOV yields higher paved ground (+0.13) and building shares (+ 0.08).
Sky differs little overall, water remains minor, and cross-method consistency varies by segment; SVI displays
greater local variability linked to canopy occlusion and near-field heterogeneity. A small perception survey
validates these findings. Terrain relief and building height were recognized more consistently in FOV, while
vegetation and water abundance aligned more closely with SVI. Participants also judged overall ambience more
easily from FOV’s structural stability, even though SVI conveyed greater visual realism. These results reveal clear
complementarities: FOV provides structure-aware metrics, SVI emphasizes appearance cues, and neither alone
captures lived perception. On this basis, we propose a combination-oriented three-layer workflow, with per-
ception as a required validation layer to support reliable applications in skyline and openness control, interface
and character management, greenery maintenance, and equity assessment.
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1. Introduction quantity, wide coverage, and high visual fidelity (Gaw et al., 2022). With

computer vision advances, SVI has emerged as a new form of data enabling

Visual analysis of the built environment has long been one of the core
topics in urban landscape studies (Liu and Nijhuis, 2020; Gobster et al.,
2019). Such research contributes to evaluating spatial quality and providing
empirical foundations for urban design, environmental psychology, and
policy-making (Kytta et al., 2011; Khan et al., 2014; van Kamp et al., 2003).
It deepens our understanding of how urban spatial characteristics relate to
human perception and daily experience, ultimately guiding more human-
centered and aesthetically oriented urban interventions (Wang, 2023).
Generally, research in this area follows two main pathways: one based on
high-precision digital modeling (such as terrain surface models, 3D urban
models) (Li et al., 2023; Cinnamon and Jahiu, 2021), and the other utilizing
emerging data sources enabled by the “Internet Plus” era (Wu et al., 2024;
Xu et al., 2021). Among these, street view images (SVI) have become a
significant data source for visual studies due to their accessibility, massive

urban visual analysis (Ito et al., 2025; Li et al., 2022).

While the strengths of this SVI-based approach have been widely re-
cognized, its limitations and context-specific applicability have not been
systematically examined (Biljecki et al., 2023). Furthermore, the re-
lationship between SVI-based methods and the established digital mod-
eling approaches remains underexplored. This paper addresses these gaps
by quantitatively comparing SVI-based and digital model-based methods
to clarify their respective limitations and complementarities and explore
their integrated potential for urban visual analysis and management.

1.1. SVI-based visual analysis of the built environment

The large-scale application of SVI in urban visual analysis began in
the early 2010s (Ito et al., 2025; Li et al., 2022). Its methodological core
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lies in computer vision, particularly deep learning-based semantic
segmentation, object detection, labeling and counting. These analyses
often extend to statistical measurements and clustering for urban clas-
sification. Specific research applications include, but are not limited to,
the measurement of urban green space exposure, streetscape greenery,
urban color systems (Zhou et al., 2023) and spatial-visual character-
istics (Liang et al., 2023). Numerous review papers have praised SVI for
its precision, stability and wide applicability in urban studies (He and
Li, 2021; Kang et al., 2020). Despite these advantages, several studies
have also noted SVI's limitations. These include the limited frequency
and spatial coverage of data collection (Rzotkiewicz et al., 2018), image
quality inconsistencies in certain datasets (Hou et al., 2024; Fan et al.,
2025), and challenges such as vegetation occlusion and terrain inter-
ference (Zhao et al., 2025), which may lead to discrepancies between
semantic segmentation results and actual human perception.

While these issues have been individually addressed in the litera-
ture, there is still a lack of systematic inquiry into how such limitations
affect the reliability and scope of SVI applications. Furthermore, stra-
tegies for mitigating or correcting these technical biases remain un-
derdeveloped. Therefore, a deeper investigation into SVI’s limitations
and ways to optimize its performance is warranted.

1.2. Digital model-based visual analysis of the built environment

Compared to SVI-based approaches, digital model-based visual
analysis has an earlier origin, gaining popularity with the widespread
adoption of geographic information systems (GIS) (Inglis et al., 2022;
Llobera, 2003). Common modeling techniques include digital elevation
models (DEM), digital surface models (DSM), and digital landscape
models (DLM) that incorporate vertical landscape elements such as
vegetation and buildings (Guth et al., 2021; Orlof et al., 2025). In recent
years, modeling tools like CityEngine, as well as photogrammetry and
LiDAR-based point cloud techniques, have further advanced the realism
and precision of urban models (Wang et al., 2018; Zupan et al., 2023).
Analytical methods in this category include viewshed analysis, field-of-
view (FOV) calculations from human eye-level perspective, and line-of-
sight (LoS) assessments (Peng et al., 2024; Peng and Nijhuis, 2021).
These tools are widely used to evaluate skyline composition, high-rise
building impacts, urban canyon openness, and solar exposure, among
other applications (Puspitasari and Kwon, 2021; Oke, 1981; Gong et al.,
2018).

Nevertheless, digital model-based methods also have clear limita-
tions. Their abstraction cannot fully replicate the dynamic, real-life
variability of urban environments, such as seasonal changes or
ephemeral human activities (Eriksson and Harrie, 2021; Lei et al.,
2024). Moreover, a trade-off often exists between model precision and
computational or acquisition efficiency: highly accurate models de-
mand substantial resources, while lower-resolution models are easier to
manage but less reliable (Morgan et al., 2024; Schoorl et al., 2000).
Despite these challenges, digital models maintain a strong advantage in
geometric accuracy and spatial quantification. Thus, the integration of
digital models and image-based data, particularly the increasingly
dominant SVI data, presents a promising direction. Exploring how these
two data forms can complement each other is a critical task for ad-
vancing urban visual analysis.

1.3. Research gaps and objectives

In summary, two primary research gaps can be identified: (1)
Although SVI-based methods are becoming mainstream in urban visual
analysis, their technical limitations, contextual applicability, and po-
tential for improvement remain insufficiently clarified (Li et al., 2022);
(2) The potential complementarity and combined use of digital mod-
eling and SVI-based approaches have yet to be fully explored, especially
regarding how digital models’ spatial accuracy can support diagnostic
interpretation and validation of image-based measures.
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To address these gaps, this paper aims to: First, conduct a diag-
nostic, viewpoint-level comparison between SVI and 3D model-based
FOV approaches (Ghasemian Sorboni et al., 2024), to evaluate their
respective strengths and weaknesses across varied urban environments
(Luo et al., 2025); Second, develop a combination-oriented framework
for using the two methods together (rather than treating them as in-
terchangeable or forcing numerical fusion), and propose a practical
workflow for their combined use in urban visual analysis, with per-
ception-based evidence serving as a required validation layer. To
achieve these goals, the West Lake ring road in Hangzhou has been
selected as a case study. This site includes a rich mix of urban inter-
faces, cultural landmarks, varied topography, and natural landscapes,
making it an ideal testing ground for assessing the applicability and
combined use of both SVI and digital modeling methods.

This study makes two main contributions. First, it clarifies the
limitations and contextual applicability of widely used SVI-based urban
visual metrics by conducting a diagnostic, viewpoint-level comparison
with a 3D-model-based FOV approach, thereby showing when SVI can
be treated as a reasonable proxy and when it systematically deviates.
Second, based on the observed complementarities, it proposes an easy-
to-adopt, combination-oriented workflow for practice, in which model-
based FOV is used as a structural supplement to SVI, and perception
evidence is used as a required validation layer, enabling more reliable
interpretation and application without forcing numerical fusion.

2. Methods

To address the above research objectives, this paper follows a three-
step methodological framework (Fig. 1). First, we collect urban geo-
graphic data and SVIs for the study area. Second, we conduct parallel
analyses using a digital model-based approach and an SVI-based ap-
proach. Finally, we compare the results from both approaches to reveal
their differences and applicability, thereby informing their potential
combination in future urban visual analysis.

2.1. Study area and data

Hangzhou, a megacity with a permanent population exceeding ten
million, is endowed with abundant urban green space resources. The
ring road around West Lake traverses diverse urban landscape settings
(Fig. 2), including mountainous sections, lakeside segments, water-
front-urban transition zones, and building-dominated urban interfaces,
embodying a complex and representative interplay of natural and
human-made elements (UNESCO). This continuous loop corridor not
only facilitates directional segmentation and spatial comparison but
also features notable elevation variation, extensive street-view image
coverage, and access to open-source base geographic data, making it an
ideal testbed for examining the applicability and complementarity of
SVI- and digital model-based methods in heterogeneous environments.

To ensure comprehensive coverage of the study area, all distinct
geographic coordinates located along the West Lake ring road were
collected. Whenever possible, viewpoints captured between April and
October were prioritized to minimize the influence of seasonal variation
on tree canopy conditions. SVIs were obtained from Baidu Maps
(https://map.baidu.com/) at approximately 5m intervals along the
corridor, each with embedded geolocation information (latitude and
longitude recorded for every image). A total of 2140 images were col-
lected: May 2014 (103), April 2015 (20), August 2017 (1020),
September 2017 (822), and June 2020 (175). After removing duplicate
viewpoints, 1075 unique locations were retained, giving priority to
images captured in August and September 2017.

Geospatial data were obtained from two main sources: (1) official
topographic survey data from the local government, including elevation
points and 1 m contour lines (with elevation point density of approxi-
mately 100 points/ha) (Fig. 2b); and (2) open-source vector datasets
from Baidu Maps, which include building footprints, an associated
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RQ: Relationship between SVI and digital model-based
methods, and how to improve their analytical accuracy?
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(c) On-site photo of West Lake

Fig. 2. Study area of the West Lake Ring Road in Hangzhou: (a) Locations of 10 recommended intervention nodes along the West Lake ring road, overlaid on land-use
categories; (b) A sample of the detailed surveying data used for modeling; (c) On-site photo of West Lake, showing the landscape context of the study area.

building height attribute, road centerlines, land-use polygons, and
water bodies (Fig. 2a). The Baidu-derived building height attribute was
used for LOD-1 building extrusion in the 3D scene; because the platform
does not provide survey-grade metadata on how this height attribute is
derived (e.g., acquisition method and vertical accuracy), it was treated
as an attributed height proxy for corridor-scale structural representa-
tion. For analysis purposes, these vector data were simplified into four
unified categories: paved ground, unpaved ground, buildings, and
water surfaces.

2.2. 3D model-based FOV analysis

We implement a field-of-view (FOV) analysis in a simplified 3D
scene to quantify structural visual composition driven by terrain and
built forms along the corridor. The 3D scene is intentionally a bare

model. The elevation input represents ground, bare-earth topography
and does not contain vegetation canopy geometry, and no independent
vegetation 3D dataset is available to reconstruct trees or shrubs as oc-
cluders. Therefore, vegetation is not modeled as 3D geometry in the
FOV simulation. Instead, we include an unpaved-ground layer to re-
present the plan-view green base, meaning ground cover in plan-view
rather than seasonal canopy occlusion. This design matches the study
goal of comparing structure-oriented 3D visibility with the canopy-
sensitive SVI pipeline.

2.2.1. Modeling the built environment around the West Lake

All vector and elevation datasets were transformed to a common
projected coordinate system and vertical datum. Basic topology issues,
including duplicates, gaps, and slivers, were corrected. Terrain was
generated by interpolating official elevation points and 1-m contour
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lines into a digital terrain model. Local spikes and pits were smoothed,
and the shoreline was regularized.

Buildings were modeled as LOD-1 extrusions using Baidu Maps
building footprints and an associated building-height attribute. Because
survey-grade metadata for this height attribute, including acquisition
method and vertical accuracy, are not publicly available, it was treated
as a height proxy suitable for corridor-scale structural representation
rather than a field-validated absolute measure. Roads were polygonized
from centerlines using available or default widths and assigned the
local median terrain elevation. The lake was represented as a horizontal
surface at the official water level. The unpaved-ground layer was de-
rived by intersecting designated green land-use classes, including parks,
green spaces, and forested areas, with the unpaved-surface category,
and was used as the plan-view green baseline.

A quality-assurance pass ensured that building bases aligned with
the terrain, that roads and water surfaces did not intersect building
volumes, and that unpaved-ground polygons did not overlap paved
classes. To quantify the vertical accuracy of the final terrain surface and
avoid circular validation, we reserved 100 official elevation points as
independent check points and excluded them from terrain interpola-
tion. Check points were selected via stratified random sampling across
low-relief and high-relief areas to ensure representative spatial cov-
erage. Elevations were sampled from the final terrain surface at the
check-point locations and compared with the surveyed elevations. We
report mean bias, MAE, RMSE, and the 95th percentile absolute error as
summary indicators of vertical error (Appendix Al).

2.2.2. Mapping the FOV

Viewpoints are placed at the SVI coordinates and elevated to
1.6 m. At each viewpoint, rays are cast across azimuth from 0° to
355° and elevation —80° to + 85° with 5° increments (72 azimuth
angles by 34 elevation angles, 2448 rays per viewpoint), with a
maximum range of 5000 m. The chosen elevation bounds balance
coverage of near-field ground and upward openness while avoiding
redundant sampling near the zenith. Each ray is labeled by the first
intersected class, unpaved ground, paved ground, buildings or
structures, or lake surface, or as sky when there is no hit within
range. Ray counts are aggregated into per-viewpoint element shares,
and summary statistics including mean, minimum, maximum, and
standard deviation are reported.

Because the FOV module is computed directly in the angular
domain using a fixed azimuth-elevation sampling scheme, it is not
affected by the equirectangular projection bias that can influence
pixel-based SVI estimates. We therefore perform a local sensitivity
analysis on a representative subset of viewpoints by varying the
angular step size (10°, 5°, 2° and 1°) relative to the default setting
(5°), while holding all other parameters constant. The resulting ele-
ment shares and the derived openness indicator remain qualitatively
stable across step sizes, indicating that a 5° sampling resolution
provides an acceptable accuracy-efficiency trade-off. In addition, to
assess the potential bias introduced by viewpoint height, we re-
computed the FOV at 20 representative locations using a 2.5m
viewpoint height to simulate the Baidu street-view camera and
compared the resulting class shares with the baseline setting
(Appendix A2). We further vary the maximum ray range and observe
only marginal changes once the range reaches approximately
5000 m, confirming that R = 5000 m is sufficient to cover the mod-
eled domain and that the results are not driven by range truncation.

2.2.3. Clustering and visualization

Each viewpoint is represented by a five-dimensional share vector,
unpaved ground, paved ground, buildings or structures, water, and
sky. We apply k-means clustering with k = 3 (chosen via the elbow
method together with interpretability considerations). Euclidean
distance is used, with a fixed random seed for reproducibility. Cluster
labels are mapped back to viewpoint coordinates and visualized

Landscape Architecture and Sustainability 3 (2026) 100034

along the West Lake ring road. For each cluster, we report its mean
share profile and its frequency, providing a compact summary of
structural patterns for the cross-method comparison in Section 2.4.
Because the FOV modality aims to summarize coarse structural
typologies, k is selected within this modality and is not forced to
match the SVI clustering. Cross-reading between FOV and SVI clus-
ters is therefore based on their co-occurrence across viewpoints, ra-
ther than on one-to-one matching of cluster labels.

2.3. SVI-based analysis

This pipeline estimates the apparent visual composition from SVI,
capturing vegetation canopy and other transient elements that are ab-
sent from the 3D model. Data acquisition, coordinate selection, and
temporal prioritization follow Section 2.1; here we describe pre-
processing, segmentation, and the computation of projection-corrected
class shares (Figs. 3 and 4).

2.3.1. Segmentation of SVI

To reduce transient occlusions, each panorama is cleaned using
semi-automatic foreground removal. People and vehicles above a
small area threshold are masked and filled via mask-guided in-
painting, followed by a light manual quality check to avoid over-
editing. All panoramas are then normalized to a common equir-
ectangular resolution to ensure consistent inference. Semantic seg-
mentation is performed using PSPNet (ResNet-101 backbone, pre-
trained on ADE20K) under a standard inference setup. Raw labels are
re-mapped into seven semantic categories: Vegetation, Unpaved
ground, Paved ground, Buildings, Infrastructure, Water, and Sky.
Because equirectangular panoramas do not represent equal solid
angles per pixel, we compute per panorama class shares using a solid-
angle-weighted pixel aggregation. For class c, the projection-cor-
rected share is computed as:

Ty COS@ON 1y, v) = c]

= Sy COsGW) D
_m __v+05
$0) = 2 TH @)

These projection-corrected shares are used as the primary metrics in
subsequent analyses and visualizations. For transparency and sensi-
tivity checks, unweighted pixel shares are also retained and compared
against the corrected metrics in agreement diagnostics reported in the
cross-method analysis (Appendix A3).

2.3.2. Analysis and visualization

To examine whether within-leaf-on season variability could affect
the SVI-derived composition metrics, we stratified panoramas into two
intra-seasonal groups based on acquisition month: Apr-Jun (early leaf-
on) and Aug-Oct (late leaf-on). Because landscape composition along
the West Lake corridor is spatially heterogeneous and sampling cov-
erage may differ across months, we further conducted a location-aware
sensitivity check. We then compared Apr-May (2014-2015), June
(2020) and Aug-Sep (2017) within each sector to reduce confounding
from spatial sampling imbalance. This stratification is used as a ro-
bustness check rather than as a causal attribution of temporal change
(Appendix A4).

For pattern summarization, we adopt the same clustering and vi-
sualization procedure as in the FOV analysis (Section 2.2.3). Specifi-
cally, each viewpoint is represented by its seven-dimensional share
vector, clustered by k-means with k = 5 (chosen via the elbow method
together with interpretability considerations), and the resulting labels
are joined back to viewpoint coordinates for color-coded maps along
the West Lake ring road. For each cluster we report its mean share
profile and its distribution across the ring road, enabling a cross-reading
comparison with the FOV-based clusters in the cross-method analysis.
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(a) The merged digital model
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({)] Selectlon of wewpomt

Fig. 3. Workflow of 3D model-based line-of-sight (LoS)/ field-of-view (FOV) analysis and sensitivity to angular sampling: (a) The merged digital model (terrain, lake
surface, and buildings/structures); (b) Selection of analysis viewpoints aligned with street-level locations; (c) Radial LoS casting from each viewpoint to determine
visibility (5000 m); (d) LoS construction and visualization in ArcGIS Pro; (e-g) Example FOV outputs under different angular step sizes, illustrating that coarser
sampling yields a smoother, less detailed visible boundary, while finer sampling captures more local occlusion/visibility variations.

Here k = 5 is used to capture finer, appearance-oriented variation in
SVLI. Given the different goals and dimensionality of the two modalities,
we do not enforce a unified k. Instead, the cross-reading is implemented
by summarizing how SVI cluster labels co-occur with FOV cluster labels
across the same viewpoints in the cross-method results.

We interpret SVI and FOV clusters as modality-specific typologies in
light of the paired cross-method comparison, and provide the com-
parative interpretation in Section 3.5.

2.4. Cross-method comparison and validation

This section assesses the consistency between two independent pi-
pelines applied to the same corridor viewpoints: a 3D model-based FOV
analysis and an SVI-based image analysis. We use a paired, viewpoint-
level design so that outputs from both pipelines can be compared ele-
ment-by-element at the same location. Evidence is organized in two
layers: (1) paired statistical consistency as the primary evidence, and
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Segmentation result (equirectangular)

Fig. 4. The example of SVI data processing: from raw collected image to segmented data. (Many identified elements have been merged to seven types [e.g., roads and

pathways, and other paved grounds have been merged into “paved ground”]).

(2) a small human perception check as supporting evidence to con-
textualize and explain the convergence or divergence between methods.

2.4.1. Paired cross-method consistency

For each matched viewpoint, we compare element shares across the
two pipelines using a consistent set of pairings. Water and Paved
ground are assessed one-to-one between FOV and SVI. We oper-
ationalize openness as the Sky proportion and compare Sky directly
across methods as the paired openness metric. For green-related com-
position, we compare FOV Unpaved ground with three SVI specifica-
tions, namely SVI Unpaved ground, SVI Vegetation, and their combined
share (SVI Vegetation + SVI Unpaved ground), so that both the planar
green base (FOV) and the canopy-sensitive green signal (SVI) are re-
presented in a comparable way. For the built environment, we compare
FOV Buildings with SVI Buildings and SVI Infrastructure separately, and
also with their combined share (SVI Buildings + SVI Infrastructure), to
reflect differences in semantic partitioning between the two pipelines.

Cross-method association is quantified using Pearson’s r and
Spearman’s p. Pearson’s r summarizes linear agreement, while
Spearman’s p captures monotonic agreement that is less sensitive to
non-normality in bounded share variables. Beyond corridor-wide sum-
mary statistics, we compute pointwise differences using a fixed sign
convention (A = FOV — SVI) for each paired metric and map these
differences in geographic space. The purpose of the difference maps is
to reveal spatial patterns of both convergence and divergence, in-
cluding segments where the two pipelines produce consistently similar
estimates and segments where disagreement is systematically elevated.
We then interpret these spatial patterns in relation to local scene con-
ditions and candidate mechanisms identified from the corridor context,
and we evaluate these mechanism hypotheses by examining whether
different discrepancy metrics co-vary across space in the expected di-
rections. This combination of corridor-level association, pointwise dif-
ference mapping, and cross-metric co-variation provides a coherent
framework for diagnosing where the two pipelines agree, where they
diverge, and what scene factors are most plausibly associated with the
observed differences.

2.4.2. Human perception check

To provide a perception-oriented reference for interpreting the
paired results, we conduct a small human assessment as supporting
evidence rather than geometric ground truth. We recruit 10 local
participants familiar with the corridor and present a set of geotagged
scenes on an interactive map. Participants first confirm that they
recognize each marked viewpoint. For each scene, they rate terrain
undulation (flat, gentle, marked), vegetation amount (5-point scale),
presence of water (yes, no, uncertain), building height (low, mid-
rise, high-rise), and spatial openness (5-point scale from enclosed to
open). Responses are summarized by item, and inter-rater con-
sistency is reported to indicate reliability. These judgments are used
to contextualize method-sensitive elements such as sky and open-
ness, and boundary-sensitive classes such as unpaved ground versus
vegetation, rather than to designate a single pipeline as “correct.”
Ethical approval for this study was obtained from the authors’ af-
filiated research institution.

In addition, to provide a closed-loop, governance-oriented demon-
stration of marginal perceptual gain, we include three paired comparisons
that functions as a modest quasi-intervention using seasonal canopy
change. We select a representative segment where the FOV pipeline in-
dicates high openness while the SVI pipeline indicates low openness in a
leaf-on condition. At the same geotagged viewpoint and viewing direction,
we obtain two street-view panoramas captured in September (leaf-on) and
February (leaf-off), treating the February scene as a proxy for a light ca-
nopy-clearing or pruning intervention that primarily reduces near-field
occlusion while leaving the structural setting unchanged. We then re-
compute SVI element shares for both dates under the same preprocessing
and segmentation settings, and we recompute the paired openness metric
(Sky share) together with the relevant class comparisons used in the cor-
ridor-wide analysis. Because the FOV module does not include explicit
canopy geometry, its openness estimate at this site serves as a structural
baseline expected to remain stable across the two dates, enabling a direct
check of whether SVI and perceived openness move toward the FOV
baseline when canopy occlusion is reduced.

We repeat the perception check for this site using a paired design.
Participants evaluate both the September and February scenes for
openness (and the same auxiliary items), with presentation order ran-
domized, and we additionally record a direct paired judgment of which
scene appears more open. We report the before-after change in com-
puted shares and the corresponding change in perceived openness to
demonstrate the direction and magnitude of marginal gains along the
image, model, and perception chain. Finally, we integrate this site-level
paired test with the corridor-level association results and the segment-
level difference maps to form a coherent validation suite that docu-
ments where the two pipelines agree, where they diverge, and how
occlusion-related mechanisms help explain those patterns.

3. Results

This section presents the outcomes of the two analytical pipelines.
We first report the descriptive statistics and clustering of the SVI-based
analysis (Fig. 5), followed by the FOV-based results (Fig. 6). We then
compare the two methods element by element, including openness and
local variability, and conclude with human validation. The structure
moves from separate descriptions to cross-method comparisons and fi-
nally to alignment with on-site perception, thereby providing a com-
plete picture of the consistency and complementarity between the two
approaches.

3.1. SVI-based visual analysis

We applied k-means clustering to the per-viewpoint SVI class-share
vectors, yielding five interpretable streetscape types (Fig. 5h). The se-
paration is driven mainly by the trade-off among Vegetation, Sky
(openness), Paved ground, and Buildings; Unpaved ground and Infra-
structure remain minor in most clusters, while Water is generally small
but helps distinguish lake-visible viewpoints (Fig. 5a-g).

Cluster-S1 high-vegetation low-sky, enclosed canopy (n = 259):
Vegetation is highest (0.616) and Sky is near-zero (0.013), with very low
buildings (0.009), indicating strongly occluded, semi-enclosed corridors
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Fig. 5. Results of SVI-based visual analysis along the West Lake ring road: (a—f) Spatial distribution of class shares for Buildings, Infrastructure, Sky, Vegetation,
Unpaved ground, Water, and Paved ground (k = 5); (g) Mean class composition of the clusters; (h) Elbow plot for k-means clustering.

dominated by canopy cover. Spatially, Cluster-S1 forms long, continuous
runs along the west and southwest lakeside stretches of the loop.
Cluster-S2 vegetation plus paved ground with visible water
(n = 94): Vegetation (0.468) and Paved ground (0.413) dominate, but
Water is clearly higher (0.025), marking viewpoints where the lake

surface becomes visually present. On the map, Cluster-S2 appears in-
termittently along shoreline exposures, most evidently on parts of the
northern edge.

Cluster-S3 vegetation plus paved ground, water-trace-mixed
(n = 504): The most common type, dominated by Vegetation (0.474)



Y. Peng, S. Nijhuis, Z. Wu et al.

Landscape Architecture and Sustainability 3 (2026) 100034

Q} | FOV water Q} FOV buildings
0.10|| 30260 Pl
30.255
. 0.08 24l 3 0.4
1 . <, =
< 0.6 ($ ga 03
E 5 30245
- 02
004 35;/0.
o.02|| 30235 b in
30.230
(a) 0.025. 0030 0.035 -0.040 0045 0.050 . 0.055 e (b) 0.025.°0030" 0.035 -0.040 0.045.0.050 . 0.055 e
Longitude +1.201e2 Longitude +1.201e2
{D +{ FOV unpaved ground 05 . FOV clustering results U]
30.260 =
30.255 04
& ' |
] L
2 J
5 30245 s
|_# 02
30.240 3 -
30.235 0.1
30.230
(c) 0.025, 0030 0.035 0080 0045, 0.050 _ 0055 oh (d) L ; i { i i i T
Longitude +1.201e2 0.025--.0.030%. 0.035 0.040 0.045.,0.050-. 0.055 0.060
35 4 10 Feature
Sky
= Bl
304 - Gl
= Buildings
0.8 Paved ground
254 Legend
$ 0.6
204 2
s
c
5
o =
1 04
10 i
i
i 0.2
51 ;
1 2 3 4 5 6 7 8
(e) Number of clusters (k) 0.0 F1 F2 F3 (f)
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Elbow plot for k-means clustering (k = 3); (f) Mean class composition of the clusters derived from FOV-based k-means classification.

and Paved ground (0.422), with Water effectively absent (0.001), re-
presenting the prevailing everyday composition around the loop. It is
widely distributed around the ring road and constitutes the prevailing
condition across extended east and south sections.

Cluster-S4 high-sky, open views with moderate vegetation
(n = 177): Sky is highest (0.248) and Vegetation is moderate (0.289),
with low Buildings (0.039), capturing more open scenes with reduced
occlusion. It characterizes open lakeside and causeway-like stretches,
with a notable concentration near the northeast arc where openness
increases.

Cluster-S5 high-building high-paved, low-vegetation urban interface
(n = 41): Paved ground peaks (0.501) and Buildings increase markedly
(0.141), while Vegetation is lowest (0.145); it also shows a higher

Infrastructure share (0.028), consistent with hard-edged, city-facing
scenes. It is sparse overall and clusters primarily along the east to
northeast urban frontage, with only isolated occurrences elsewhere.

3.2. FOV-based results

The model-based FOV captures the structural visual composition
governed by terrain and building massing. Unlike SVI, it does not re-
present canopy occlusion, so the outputs emphasize geometry-driven
openness (Sky) and the relative prominence of ground surfaces and
built form. At the corridor scale (n = 1075), the mean class shares are:
Paved ground 0.358, Sky 0.297, Unpaved ground 0.156, Buildings
0.158, and Water 0.033 (Fig. 6a—c). k-means clustering (k = 3) on the
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Table 1

Paired cross-method comparisons between FOV and SVI class shares (correlation and error metrics).
Pair Pearson r Spearman Mean (FOV — SVI) MAE
FOV Sky vs SVI Sky —0.017040 0.087754 0.225149 0.238759
FOV Paved ground vs SVI Paved ground 0.067008 0.105299 —0.049420 0.055054
FOV Water vs SVI Water 0.492673 0.452914 0.029992 0.030331
FOV Unpaved ground vs SVI Unpaved ground —0.059940 —0.284930 0.154621 0.154800
FOV Unpaved ground vs SVI Vegetation 0.152081 0.101593 —0.311510 0.317686
FOV Unpaved ground vs SVI (Vegetation + Unpaved ground) 0.149126 0.095339 —0.314190 0.320056
FOV Buildings vs SVI Buildings 0.385096 0.455206 0.115423 0.119101
FOV Buildings vs SVI Infrastructure 0.266647 0.250793 0.148931 0.149165
FOV Buildings vs SVI (Buildings + Infrastructure) 0.399944 0.474326 0.108466 0.113633

five FOV share vectors yields three interpretable structural types, and
the map projection of cluster labels (Fig. 5) shows a clear spatial or-
ganization around the ring road (Fig. 6d).

Cluster-F1 (open views, n = 666) is characterized by the highest Sky
share (M = 0.358, SD = 0.055) with modest Buildings (M = 0.099, SD
= 0.048) and moderate Unpaved ground (M = 0.142, SD = 0.051);
spatially, it forms long, continuous runs along the more open arcs of the
loop, consistent with lake-edge and causeway-like sightlines.

Cluster-F2 (urban interface, n = 304) is dominated by Buildings (M
= 0.319, SD = 0.093) and has the lowest Sky (M = 0.192, SD =
0.055), with limited Unpaved ground (M = 0.116, SD = 0.053); on the
map it concentrates along the more urbanized frontage of the ring road,
producing a structurally city-facing profile.

Cluster-F3 (green-structured corridors, n = 105) shows the highest
Unpaved ground share (M = 0.362, SD = 0.086) with small Buildings
(M = 0.064, SD = 0.065) and mid-range Sky (M = 0.213, SD =
0.047); mapped locations appear in more park- and foothill-adjacent
segments, where terrain and green land cover dominate the view.

Across the three types, Paved ground remains comparatively stable
(M = 0.352-0.358), so the separation is driven mainly by the trade-off
among Sky, Buildings, and Unpaved ground, while Water acts as a
secondary marker of lake visibility. In addition, the influence of view-
point height is also evident. Under a 2.5 m viewpoint height (simulating
the street-view vehicle), the estimated Paved ground share decreases,
while the Sky share increases markedly. The Unpaved ground and
Water shares show slight increases, whereas changes in the Buildings
share are mixed and location-dependent.

3.3. Cross-method comparison and spatial diagnosis

3.3.1. Paired comparisons under the cross-walk

We compared paired class shares under the intended cross-walk
between the two pipelines, with openness operationalized as the Sky
proportion. Cross-method association is summarized using Pearson’s r
and Spearman’s p, and systematic offsets are reported using the signed
mean difference and MAE (Table 1, Fig. 7).

Water exhibits the strongest agreement. FOV Water and SVI Water
show the highest correlation (Pearson r = 0.49), and the average dif-
ference is small (mean A = 0.03), indicating that both pipelines capture
lake visibility in a broadly comparable way at matched viewpoints.
Built form shows moderate correspondence. FOV Buildings versus SVI
Buildings reaches a mid-range correlation (Pearson r = 0.39), and FOV
tends to be higher on average. Importantly, agreement improves
slightly when SVI Buildings and Infrastructure are combined into an
aggregated built indicator, suggesting that the FOV Buildings metric
aligns more closely with total built presence than with a single SVI built
subclass.

In contrast, green-related measures and openness show weak
pointwise correspondence and clear systematic offsets. For green, FOV
Unpaved ground is weakly related to SVI green whether SVI is re-
presented as Unpaved, Vegetation, or their sum, and the direction of

bias depends on which SVI definition is used. In particular, relative to
SVI (Vegetation + Unpaved), FOV Unpaved is consistently lower (mean
A = —0.31), reflecting that SVI Vegetation is strongly influenced by
near-field canopy occlusion and image masking, while FOV Unpaved
represents a planar ground-based component and intentionally excludes
canopy geometry. For openness, FOV Sky and SVI Sky show near-zero
association at the viewpoint level, while FOV reports substantially
higher sky shares on average (mean A = +0.23), consistent with ca-
nopy occlusion suppressing visible sky in SVI but not in the structural
FOV baseline. Paved ground shows comparatively small systematic
offsets (mean A = —0.05), but remains weakly correlated at the point
level, consistent with perspective and occlusion differences between
pixel-based and ray-based measurements.

Overall, the corridor-wide comparison indicates that the two pipe-
lines are most comparable for water visibility and for built form when
SVI built subclasses are aggregated, while they diverge for green and
sky/openness due to the central role of canopy occlusion in SVI and its
intentional absence from the FOV representation.

3.3.2. Spatial patterns of agreement and disagreement

We compute per-viewpoint differences using a fixed sign convention
(A = FOV — SVI) and map these values onto geographic coordinates.
The maps reveal spatially coherent patterns of both convergence and
divergence along the ring road (Fig. 8). Higher agreement tends to
occur in two settings: building-dominated interfaces with relatively
small street trees, and terrain-dominated natural segments. By contrast,
where street trees are large, disagreement increases even when the
surrounding setting is otherwise open, building-dense, or lake-open,
indicating that near-field canopy and interface occlusion can dominate
the SVI composition and weaken alignment with the geometry-driven
FOV baseline.

Element-wise difference maps clarify how these patterns arise.
Water discrepancies are concentrated where water is potentially visible
and can be intermittently blocked by vegetation, whereas segments
with no water visibility show consistently small differences. Built-re-
lated discrepancies are larger in urban segments and are amplified
where canopy occlusion suppresses visible building surfaces in SVI.
Green-related and sky-related discrepancies closely track the spatial
distribution of vegetation, with larger mismatches in segments with
denser street trees.

3.3.3. Mechanism check: vegetation occlusion

We then test the vegetation-occlusion mechanism quantitatively by
relating discrepancy metrics to vegetation. Sky mismatch increases with
SVI vegetation share, showing a clear positive rank association
(Spearman p = 0.5). This relationship is not only visible in the maps
but also persists under multivariate controls that account for structural
and contextual composition, indicating that vegetation remains a
meaningful explanatory factor beyond co-occurring scene features. A
similar vegetation-linked structure is reflected in the overall mismatch
index that aggregates absolute differences across unpaved, buildings,



Y. Peng, S. Nijhuis, Z. Wu et al.

FOV vs SVI: aligned class means (paired viewpoints, N=1012)

Landscape Architecture and Sustainability 3 (2026) 100034

Fig. 7. Mean class-share comparison

0.74 —— between FOV and SVI (M = SD). Note:
svI To reduce redundancy and potential
=031 bias from near-duplicate viewpoints,
0.6 1 locations (n=63) that were too close
(within 5-ms) to each other were re-
054 7=-0.05 rr.lox‘/ed (spatial thinning), so that high.ly
_ similar scenes would not dis-
a A=+0.23 proportionately influence the compar-
Ho.4 ison.
<4
2
2 A=+0.11
§ 031
=
0.2
0.1 £=+0.03
> P ved g(ouf\d pult ot watet creen ror@
G

sky, and water. Together, these results support canopy occlusion as a
primary mechanism shaping where and why the geometry-based FOV
baseline diverges from image-based SVI composition.

3.4. Human validation

3.4.1. General validation across methods

This section provides perception-based validation for the two ap-
proaches using 10 participants and 10 geotagged viewpoints. Across
interviews and scene-based judgments, participants’ responses show
that site character can diverge from what image segmentation alone
suggests under strong canopy occlusion. In several viewpoints, street
trees partially blocked building facades, and most participants still
described the place as city dominated or mixed, even when SVI seg-
mentation indicated a large green share. Conversely, some viewpoints
that appeared relatively urban in computed outputs were recalled as
clearly green dominated. These contrasts indicate that near-field oc-
clusion can depress the apparent building share in SVI and, in turn, that
segmentation does not always represent overall urban character at the
site scale.

Participants nevertheless responded consistently to different cue
types. They reliably distinguished hilly versus flat terrain and low-rise
versus high-rise contexts, signals that are preserved more explicitly in
the 3D model-based FOV outputs and support cross-scene compar-
ability. At the same time, perceived vegetation tended to follow SVI
results more closely, and water was reported reliably only at lakeside
viewpoints, with higher uncertainty elsewhere. Overall, these responses
suggest complementary sensitivities: FOV better retains structural
context for comparing scenes, while SVI better captures immediate,
near-field components, especially canopy and water, that shape what
people notice in a single view (e.g., Fig. 9).

3.4.2. Seasonal validation of perceived openness

To specifically validate seasonal effects, we selected five locations
that share a consistent conflict condition: all exhibit high structural
openness by FOV, yet SVI indicates lower openness because vegetation
occupies a large share of the view (that is strong near-field canopy
occlusion). In September (leaf-on), this pattern is visually apparent in
the segmentation masks: canopy pixels dominate and suppress visible
sky and water components, yielding an SVI openness estimate that is
lower than the FOV-based structural openness at the same locations
(Fig. 9).

In February (leaf-off), the SVI signal shifts toward the structural
baseline captured by FOV. Segmentation results show a redistribution
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away from canopy and toward increased visibility of sky and water, and
SVI-derived openness becomes closer to the corresponding FOV values.
Crucially, the perception check mirrors this change: participants con-
sistently reported that sky and water visibility increased noticeably in
the February scenes. Taken together, the five sites provide converging
evidence that, under broadly stable corridor geometry, seasonal canopy
conditions materially modulate experienced openness, and that SVI
captures this perceptually salient shift through transparent semantic
components (sky-water versus vegetation).

3.5. Interpreting modality-specific clusters and their cross-reading value

Building on the paired cross-method comparison and the perception
evidence, we interpret FOV and SVI clusters as modality-specific
typologies rather than labels that should match one-to-one. FOV clus-
ters summarize structure-oriented regimes driven by terrain and built
form, and they therefore provide a relatively stable baseline segmen-
tation. SVI clusters summarize appearance-oriented regimes that are
more sensitive to canopy occlusion, near-field objects, and acquisition
conditions, and they capture fine-grained local variability. The cross-
reading value of clustering lies in using one typology to explain varia-
tion inside the other, and in identifying one-to-many or many-to-one
relationships that point to different sources of disagreement.

Concretely, the clusters can be used for cross-checking at the
viewpoint level. For example, when a viewpoint is assigned to FOV
Cluster-1 (open views) but to SVI Cluster-S1 (high-vegetation low-sky,
enclosed canopy), the cross-reading indicates that the underlying
structure is relatively open, yet the panorama is locally occluded by
canopy and near-field vegetation. In this case, the SVI-derived sky and
openness signal at that viewpoint is likely to be underestimated, while
the vegetation share may be inflated, so the viewpoint should be
flagged as a caution case for interpretation. In practice, this viewpoint-
level cross-reading provides an interpretable basis for flagging caution
segments and prioritizing targeted perception sampling when cross-
method disagreement implies elevated interpretation risk.

4. Discussions
4.1. Core findings and mechanisms

This paper showcases several essential findings, including: (1)
Relative to the model-based FOV, the image-based SVI reports sys-
tematically higher green shares and lower building and sky shares.
Formally, Aigtal green = SVI — FOV > 0, Apyiiging < 0, Agy < 0. Off
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Fig. 8. Spatial distribution of FOV-SVI discrepancies along the West Lake ring road: overall mismatch and class-wise share differences: (a) Overall mismatch per
viewpoint measured by RMSE across the four matched pairs (color scale 0-P98); (b) Overall mismatch per viewpoint measured by MAE across the four matched pairs
(color scale 0-P98); (c) Difference in built share; (d) Difference in water share; (e) Difference in sky share; (f) Difference in green share.

lakeside segments, water is often higher in FOV than in SVI. The sign of
these gaps is stable across scenes, magnitudes increase with canopy
occlusion, and the eastern corridor shows the largest differences. SVI
also exhibits higher local variability at the segment scale. (2)
Agreement with lived perception is complementary rather than uni-
form. Structural cues that underpin scene structure, including terrain
relief, building height, and geometric openness, align more closely with
FOV. Near-field cues, especially vegetation and open water, align more
closely with SVI.

The mechanisms behind these discrepancies fall into three groups.
First, imaging and data geometry: street-view cameras sit higher than a
1.6 m eye height and near the carriageway centerline, which narrows

11

the visible ground band and makes sky and facades sensitive to small
pitch and roll; panorama stitching and equirectangular projection dis-
tort the top and bottom of the frame and alter pixel proportions near the
edges; dense canopy and seasonal foliage hide facades and distant
terrain and inflate green while deflating building and sky in SVI; the
FOV model omits canopy geometry, which suppresses seasonal noise
but lowers estimated greenness. These effects are strongest in the
eastern corridor and coincide with low agreement and hotspot loca-
tions. Second, algorithms and semantics: a pretrained segmentation
model without local fine-tuning can drift on local tree colors, facade
materials, and sharp sky edges, which raises green and lowers building
and sky; the two pipelines encode green infrastructure differently, with
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Fig. 9. One example of perception sampling and comparison between FOV- and SVI-based results in the North segment of the West Lake ring road: (a) FOV-based
composition profile for the North segment; (b) SVI-based composition profile for the North segment; (c) Location of the sampled perception experiment point; (d)
Aerial view of the sampled site, showing surrounding terrain and water bodies; (e) SVI of the same site, illustrating the tree canopy and occlusion conditions. (This
bar chart is not intended to suggest that FOV and SVI are interchangeable or that one can replace the other. Rather, it highlights their systematic inconsistencies and
complementary nature, reflecting that they capture different aspects of the visual environment).

FOV using a planar green base within green land use and SVI combining
vegetation with unpaved ground, which amplifies systematic green
gaps; foreground removal and small-component filtering can trim roads
and facades and slightly underestimate paved or building shares. Third,
human perception: observers use multi-viewpoint sampling and motion
parallax to see past near-field occluders and infer terrain and height
from the horizon, skyline breaks, and landmarks; cross-modal cues such
as sound, airflow, humidity, smell, and prior knowledge help identify
lakeside scenes as watery and open, while non-lakeside scenes elicit
more uncertainty; recall bias and anchoring around strong landmarks
increase dispersion where distinctiveness is weak. These perceptual
factors explain why SVI shows higher local variability in general and
why its advantage fades in building-dense or strongly undulating cor-
ridors where canopy hides height and relief in the images while FOV
preserves the structural signal.

In sum, FOV provides stable structure-aware priors for terrain,
height, and geometric openness, while SVI supplies high-fidelity near-
field appearance cues for canopy and water. Each method has condi-
tion-dependent bias when used alone. Used together they balance
structure and appearance and align more closely with interview-based
perception.

12

4.2. SVI-based pipeline

SVI is an analytic approach to the built environment that leverages
large, readily available street-level imagery and offers a pedestrian-eye
viewpoint, but it is not a direct proxy for lived perception (Lu et al.,
2025). Panoramic projection and non-human camera heights distort the
angular proportions of sky and ground, and dense canopy can occlude
facades and undulating terrain. In our corridor, this combination re-
duces the sensitivity of the SVI pipeline to structural cues such as ter-
rain relief and building height at some urban interfaces, even where
interviewees consistently recognized those differences on site. At the
same time, it tends to amplify near-field canopy signals relative to
paved ground and fagades. These mechanisms help explain the higher
local variability we observe in SVI and the element-wise gaps that
cluster at canopy-sky disagreement hotspots (Alpherts et al., 2025).

A further methodological caveat concerns how class shares are
computed on equirectangular panoramas. Simple pixel counting
over-weights high-zenith zones and under-weights the equatorial band,
which can inflate sky and canopy unless angular distortion is corrected
(Liang et al., 2017). Work on hemispherical estimation shows why
equal-solid-angle sampling or cosine weighting is needed to obtain
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Fig. 10. Seasonal change in streets-
cape vegetation and openness, illu-
strated with paired street-view ex-
amples and viewpoint selection
context: (Left) FOV Unpaved ground
share along the ring road, shown to
contextualize and select high-openness
viewpoints (locations a-e); (Right) SVI
vegetation share along the ring road,
shown to contextualize and select mid-
to-high vegetation viewpoints (loca-
tions a-e); (a-e) Paired street-view
images at the selected locations a-e,
comparing a leaf-off/low-canopy
season (Feb 2016) with leaf-on condi-
tions (Sep 2017/2020). The examples
highlight seasonal canopy growth that
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projection-aware shares (Liang et al., 2017; ANON, 2001). Together
with platform heterogeneity and mixed vintages, these factors mean
that SVI segmentation is strongest for near-field vegetation and
streetscape details, but it is less reliable for structural cues unless ca-
librated against a geometric baseline (Kim and Jang, 2023). Even so,
SVI's advantages are substantial: public platforms expose massive ar-
chives at negligible marginal cost, modern deep models enable
high-throughput extraction of greenery, blue-green exposure and fa-
cade features, and street-level greenery proxies such as the green view
index (GVI) have proven both scalable and perception-adjacent in
planning and environmental applications (Li et al., 2015).

These properties situate SVI for specific kinds of work. It is well
suited to rapid, city-scale audits of blue-green exposure; screening and

13

0.040
Longitude (lon)

0.045 0.050. 0.055

+1.201e2 increases image-based vegetation visi-
bility and reduces perceived openness

at the same viewpoints.

prioritization (e.g., locating canopy gaps or identifying streetscape
types); and before-after checks where acquisition dates are known and
stable. In practice, projection-aware sampling (equal-solid-angle/cosine
weighting), explicit documentation of provider and vintage, and har-
monized label taxonomies materially improve robustness, while
cross-method calibration, such as the element-wise and openness
comparisons we report, helps localize uncertainty and supports targeted
field checks.

4.3. 3D model-based FOV pipeline

Model-based FOV analysis trades some photorealism for geometric
control and reproducibility. Once the scene and parameters are fixed
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Fig. 11. The unified workflow: The integration of SVI-based analysis, 3D model-based analysis and perception-based tools for better understanding of urban visual

environment.

(eye height, ray density, range), the method provides para-
meter-traceable outputs that are highly sensitive to structural cues,
elevation information, that can be masked in images by canopy or
perspective effects. In our corridor the FOV pipeline preserved terrain
and building-height signals more faithfully than SVI in several segments
and yielded stable local-variability profiles where the corridor’s struc-
ture is regular. These patterns align with the human-validation results
and with long-standing visibility scholarship on geometry-driven visual
metrics. At the same time, classic studies show that DEM/DSM-based
viewsheds are sensitive to elevation errors, resolution, observer height
and algorithmic choices (Fisher, 1993), and that different im-
plementations can produce measurable differences for the same site.

Scene realism is a design choice with cost implications. A simplified
scene that omits vegetation, used here for comparison, cannot re-
produce seasonal canopy or other short-lived elements, which helps
explain systematic offsets in the “green infrastructure” component be-
tween methods. By contrast, enriching the scene with LiDAR or pho-
togrammetry reduces occlusion artefacts and improves facade and ca-
nopy realism, yet it increases data-collection, modelling, and compute
costs that are often prohibitive at corridor-to-city scale (Parent and Lei-
Parent, 2023; Orlof et al., 2024). Furthermore, FOV carries little in-
formation about transients: lighting, traffic, human presence, unless
they are explicitly modelled or coupled to other models.

Within those bounds, the FOV pipeline is the natural choice when
structural fidelity and scenario control are paramount. Typical applica-
tions include view-corridor and skyline protection, and “what-if” analyses
that remove or add canopy, alter height caps or vary setbacks. Digital
scenes also integrate readily with other 3D analytics, overshadowing and
solar/glare studies, acoustic and radio line-of-sight, where photographic
appearance is secondary to geometry (Llobera, 2003; Chamberlain and
Meitner, 2013). Practically, a resolution ladder is effective: screen large
areas with DSM/DTM for speed, then escalate to LIDAR/photogrammetry
only in disagreement hotspots identified by cross-method maps, thereby
aligning modeling accuracy with decision needs.

4.4. Framework for combined use and practical applications

This study moves integration beyond application-level method
comparison by treating model-based FOV and street-view based SVI as
two coupled but non-equivalent representations of the urban visual
environment. We distinguish three constructs that are often conflated:
structural openness, apparent openness, and experienced openness.
Structural openness is governed by terrain, building height, and cor-
ridor geometry and is captured by model-based FOV. Apparent open-
ness is what is visually exposed at eye level under near-field occlusion
and seasonal canopy conditions and is captured by SVI semantic seg-
mentation. Experienced openness is how people actually perceive per-
meability and visibility on site and is used here as a validation anchor.
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Under this framing, disagreement between FOV and SVI is interpreted
as diagnostic information rather than noise. In addition, clustering
within each modality can be considered as an optional way to sum-
marize viewpoint-level heterogeneity into a few interpretable types for
corridor-scale reading.

4.4.1. Three-layer framework and unified workflow

The structural layer provides stable, cross-scene comparable cues
and supports corridor-level diagnosis and tasks such as skyline control
and view-corridor identification. Its limitation is representational:
when canopy and other near-field elements are not encoded in the 3D
model, FOV can overstate what is seen in leaf-on conditions. The visual
layer captures near-field components such as canopy, occluding edges,
and surface conditions and is therefore sensitive to seasonal and
maintenance-related changes that shape immediate perception. Its
limitation is that canopy-occlusion can distort site character inference,
for example by suppressing apparent building share when facades are
blocked, and camera and phenology effects can reduce comparability if
segmentation outputs are read without context.

Perception sampling forms the validation layer and is triggered
when the two computational layers disagree in decision-relevant ways
(Figs. 10 and 11). It is implemented through small-sample checks at
selected viewpoints, recording cues such as openness, vegetation
abundance, sky-water visibility, terrain undulation, and building-height
impression. The workflow proceeds from task definition to scope
alignment on shared elements, parallel reading of both outputs, and a
reliability label for each segment or viewpoint. Where useful, cluster
summaries may be reported alongside the maps to provide a compact
description of typical structural or appearance patterns, without im-
plying one-to-one correspondence across methods. Agreement cases are
treated as low-risk, while mismatch cases are flagged for verification. In
particular, high-FOV and low-SVI cases are interpreted as occlusion-
dominated and are suitable targets for actions such as selective canopy
pruning or interface clearing, with perception checks used to confirm
expected perceptual gains.

4.4.2. Application scenarios

The framework supports planning and management without forcing
numerical fusion. For openness evaluation and skyline-related deci-
sions, FOV provides a structural baseline, while SVI reveals where ca-
nopy closure suppresses sky-water visibility in lived experience, guiding
targeted opening of view windows where structural potential exists. For
interface governance and greenery maintenance, SVI flags occlusion-
dominated locations for verification and prioritization, while FOV en-
sures interventions align with corridor geometry rather than image
artifacts. Overall, the combined structural-visual-validated reading
provides an interpretable basis for diagnosing mismatches, prioritizing
field checks, and linking micro-interventions to perceptual outcomes.
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4.5. Limitations

This study provides a comparative framework for quantifying
streetscape visual composition using complementary model-based and
image-based pipelines. Several limitations remain in terms of data
quality, algorithmic uncertainty, and the current stage of empirical
integration. First, the simplified 3D environment is constrained by
model fidelity. Building geometries are represented at a level of detail
that may not fully capture facade articulation, overhangs, fine-scale
structures, or small objects that can affect visibility. As a result, some
element shares, particularly those related to buildings and structures,
may be sensitive to geometric generalization. Vegetation geometry is
intentionally excluded to isolate a planar baseline rather than to re-
produce canopy occlusion. Second, the SVI pipeline inherits uncertainty
from semantic segmentation. Despite consistent preprocessing and class
re-mapping, misclassification can occur under challenging illumination,
shadowing, motion blur, and visually ambiguous boundaries, and these
errors propagate to class-share estimates. Third, the FOV ray-casting
procedure introduces discretization error because visibility is sampled
at finite angular intervals. Although our sensitivity tests indicate qua-
litative stability at the chosen resolution, denser angular sampling may
recover additional local occlusion and visibility details in complex
scenes at a higher computational cost. Finally, the current study focuses
on quantifying and comparing visual compositions rather than fully
fitting the metrics to downstream behavioral or planning outcomes.
Calibration against independent ground truth and end-to-end validation
in applied planning settings remain important next steps.

5. Conclusions

This paper conducted a systematic comparison between SVI and digital
model-based FOV approaches along the West Lake ring road. The results
show that the two pipelines capture different but complementary con-
structs of the urban visual environment. The FOV analysis provides a
stable structure-based baseline governed by terrain and built form,
whereas the SVI analysis captures appearance-based composition that is
strongly affected by canopy occlusion, acquisition season, and near-field
clutter. Given the widespread use of SVI as a default proxy for visual ex-
posure and perceived environment, a key contribution of this study is to
systematically reveal these limitations and the conditions under which
SVI-derived indicators can be misinterpreted as stable structural signals.

Building on these findings, we propose a three-layer framework that
integrates the image layer, the model layer, and a perception layer into
a unified workflow. Rather than forcing numerical fusion, the frame-
work supports parallel reading of structural and appearance signals,
classification of segments into reliable and caution categories, and
targeted perception sampling when cross-method disagreement in-
dicates interpretability risks. This workflow is applicable to tasks such
as skyline and openness control, interface and character management,
roadside greenery maintenance, equity assessments of green distribu-
tion, and route design to enhance public experience.

Overall, the study shows that neither image-based nor model-based
analysis alone is sufficient, but their combination offers a balanced and
reproducible way to capture both structural and appearance dimensions
of urban landscapes. Future work will improve 3D model fidelity and
segmentation robustness and will replicate the framework across ad-
ditional settings to further establish when SVI is reliable, when it should
be used with caution, and how it can be responsibly interpreted in
planning and management.
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