AGILE: GlIScience Series, 7, 8, 2026. https://doi.org/10.5194/agile-giss-7-8-2026
Proceedings of the 29th AGILE Conference on Geographic Information Science, 16—-19 June 2026.

Eds.: Evelyn Uuemaa, Alexander Kmoch, Holger Virro, and Simon Scheider
This contribution underwent peer review based on a full paper submission.

© Author(s) 2026. This work is distributed under the Creative Commons Attribution 4.0 License.

ohic Informatio

Maximizing Data Coverage: Fusing Street View and Oblique
Imagery to Quantify Vertical Greenery Potential in Urban Areas

Aruscha Kramm

!, André Ludwig?, and Bogdan Franczyk'*

"Leipzig University, Center for Scalable Data Analytics and Artificial Intelligence (ScaDS.AI) Dresden/Leipzig

?Leipzig University, Information Systems Institute

Correspondence: Aruscha Kramm (aruscha.kramm @uni-leipzig.de)

Abstract. As urbanization intensifies globally, the Urban
Heat Island (UHI) effect has emerged as a critical environ-
mental challenge, inducing higher energy demands, com-
promised air quality, and significant public health risks.
Vertical Greenery Systems (VGS) such as green facades
and living walls, offer a spatially efficient adaptation strat-
egy by utilizing vertical surface areas of the built en-
vironment for thermal regulation and microclimatic im-
provement, yet the absence of data-integrative methods
hinders large-scale evaluation of factors defining a sur-
face’s suitability for VGS. Previous methodologies for es-
timating city-wide greening potential have successfully
integrated semantic 3D city models (LoD2) with Street
View Imagery (SVI) to derive key suitability factors such
as Window-to-Wall Ratio (WWR) and Solid Wall Area
(SWA). However, these approaches are inherently limited
by the sparse spatial coverage of SVI, which is restricted
to navigable road networks, leaving rear facades and inner
courtyards unassessed, and which is frequently obstructed
by foreground occlusion, leading to errors in the factor cal-
culation. This consecutive work introduces a robust com-
putational method that enhances the existing LoD2-SVI
pipeline with Oblique Aerial Imagery extending the poten-
tial estimation to over 90% of the urban building stock. To
mitigate occlusion and resolution disparities, we propose
a multi-view fusion algorithm that aggregates detections
across multiple views within one perspective and further
across two perspectives. Our evaluation demonstrates that
both data sources deliver comparable results when assess-
ing identical facades. Further, our fusion approach signif-
icantly reduces systematic biases found in single-source
estimations. Ultimately, while the fusion approach maxi-
mizes assessment reliability for walls with dual coverage,
the integration of oblique imagery remains critical for scal-
ability. Although it yields lower feature fidelity than street
view, it provides the only viable means to assess surfaces
lying beyond the navigable road network.
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1 Introduction

The continuous densification of metropolitan areas has led
to a significant replacement of natural, porous surfaces
with impervious materials such as concrete and asphalt.
This transformation contributes to the Urban Heat Island
(UHI) effect, where cities exhibit markedly higher tem-
peratures than their rural surrounding areas. The conse-
quences are multifold: increased mortality during heat-
waves, elevated energy consumption for air conditioning,
which further expels waste heat into the urban canopy and
a degradation of overall urban livability (Oliveira et al.,
2022; Heaviside et al., 2017; Santamouris, 2014).

In this context, the integration of vegetation into the built
environment is no longer merely an aesthetic aspiration but
a functional necessity for climate adaptation. Urban green-
ing can be achieved through horizontal interventions like
green roofs and unsealing pavements, as well as by im-
plementing greening on existing vertical surfaces such as
building facades. While roofs present between 20 to 25%
of the exposed urban area in dense cities (Santamouris,
2014), wall surfaces exceed the roof area by a factor of
two to three (Kohler, 2008; Kramm et al., 2026). To lever-
age this extensive surface availability, this study focuses
on Vertical Greenery Systems (VGS), which include green
facades, living walls, and bio-curtains to reintroduce veg-
etation into dense urban areas. They offer a potent strategy
to mitigate environmental stressors without competing for
scarce ground-level space. Benefits from VGS include in-
creasing the proportion of green spaces, reducing the tem-
perature of building interiors in hot periods as well as the
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surrounding micro-climate (Safikhani et al., 2014; Perez
et al., 2014).

However, determining the suitability of a specific wall for
VGS is a complex challenge. Conventional assessments
rely on expert diagnostics, a process that lacks the com-
putational scalability required for city-wide analysis. Rel-
evant factors include geometric orientation and Solid Wall
Area (SWA), alongside structural variables such as ma-
terial composition and surface degradation (BuGG Bun-
desverband GebiudeGriin e. V., 2024).

While the theoretical benefits of VGS are well-established,
there remains a notable gap in literature regarding compu-
tational methods for assessing the suitability of a wall re-
garding the mentioned factors. Given the data complexity,
this study prioritizes parameters with the highest impact
on UHI mitigation potential. Specifically, the Window-to-
Wall Ratio (WWR) is a critical determinant as walls with
multiple windows are generally less suitable due to higher
maintenance costs and conflict with daylighting needs.
Consequently, the SWA, representing the available unin-
terrupted masonry, is derived as a critical metric for green-
ing capacity.

This paper is an advancement of the work of (Kramm
et al., 2026), in which a foundational methodology for au-
tomating this assessment was established. By coupling se-
mantic LoD2 city models with street view imagery (SVI),
the study demonstrated that visual data is essential for de-
riving wall-specific WWR and SWA, as LoD2 models typ-
ically lack facade semantic information, modeling walls as
blank polygons. However, reliance on SVI introduces sys-
tematic biases and coverage gaps. SVI is constrained to
the navigable road network while further only being able
to capture street facing facades (Gaw et al., 2022). This
leaves a majority of vertical surfaces, such as rear facades
and side walls, completely unassessed. These omitted sur-
faces are often those with the higher potential for greening:
they are frequently less fenestrated than street facades and
are less subject to architectural preservation constraints. In
addition, street view images suffer from occlusions such as
vegetation or vehicles.

To address the limitations of ground-based imaging, this
study integrates Oblique Aerial Imagery. Oblique imagery
is acquired from cameras facing four cardinal directions
(North, South, East, West) and tilted at an angle (typically
40° to 50°) relative to the nadir. Because oblique sensors
are able to capture vertical surfaces including those inac-
cessible to terrestrial vehicles such as enclosed courtyards,
the overall visibility of building walls can be increased,
eliminating the spatial bias of road-network dependency
(Gaw et al., 2022). However, the integration of oblique im-
agery introduces difficulties not present in SVI processing.
These include significant geometric distortions due to per-
spective projection and lower resolutions. Further, oblique
imagery is not immune to occlusions as taller buildings
block the view of adjacent lower facades (Gaw et al.,
2022).
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To overcome the limitations of one-to-one mapping where
a wall’s potential is derived from only a single image,
this work develops a multi-source framework fusing LoD2
geometry, SVI, and Oblique Aerial Imagery. The facade
parsing pipeline is evolved to implement a multi-view fu-
sion strategy: for each target surface, up to three images
per source are analyzed. By aggregating detections from
multiple viewpoints, the framework remains robust even
when a surface is only partially visible in one image or
only visible in one source. In the absence of an annotated
ground-truth, this study evaluates the reliability of factor
values acquired from oblique images. By cross-validating
these results against SVI-derived values and performing
a qualitative manual inspection, we quantify the extent to
which oblique imagery can serve as a dependable exten-
sion for city-wide VGS potential assessment. A potential
index is created and updated incorporating the newly as-
sessed hidden facades, thereby refining the total estimated
vertical greenery potential of the city.

The rest of the study is structured as follows: Section 2
highlights related work in the areas of automated calcula-
tion of VGS factors and multi-view fusion. In Section 3
the factors and index calculation are presented, while Sec-
tion 4 explains the data used and methods implemented.
The results are evaluated in Section 5 before the study is
concluded in Section 6.

2 Related work

There is a notable lack of computational methods for es-
timating the overall potential of individual walls for verti-
cal greenery. While existing research addresses individual
factors such as Window-to-Wall Ratio (WWR), sunlight,
or material, only one current method combines these rele-
vant factors to assess a specific wall’s total potential.

Factor computation. Although LoD2 data is standard for
building-level analysis (Xu et al., 2023), it has rarely been
utilized for single-wall surface analysis. However, it has
been used to calculate singular factors needed for the ver-
tical greenery potential. Biljecki et al. examined the error
rate when estimating the ground surface area from LoD
data, demonstrating that LoD2 data reduces surface area
estimation errors to a range of <1% to 12%, compared
to the higher error rates of LoD1 (Biljecki et al., 2016).
Furthermore, Koehler estimated that the solid wall area
in cities is roughly double the building ground surface,
suggesting high potential for vertical greenery, though the
methodology for this estimate remains simplified (Kohler,
2008). In a first attempt to computationally derive factors
for greening potential, (Kramm et al., 2026) use LoD2 data
in combination with SVI to calculate factors such as WWR
and SWA.

Facade parsing. To accurately derive factors such as
WWR and material from street view images, facade pars-
ing is essential. Recent advancements in this field include
symmetry-aware approaches, such as those by Liu et al.
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(Liu et al., 2020) and Liu et al. (Liu et al., 2022), which in-
corporate symmetry into loss functions and model archi-
tectures, respectively. Other researchers focus on spatial
dependencies; Sun et al. combine region proposals with
Convolutional Neural Networks (CNN) (Sun et al., 2022),
while Ma et al. utilize large kernels for long-distance re-
lationships (Ma et al., 2021), although Lu et al. note the
latter struggles with irregular facades (Lu et al., 2023). Re-
garding specific facade element detection, Kramm et al.
successfully applied detectron2 for residential buildings
(Kramm et al., 2023), while Sezen et al. established bench-
marks using YOLO and R-CNN models (Sezen et al.,
2022). Accurate facade parsing requires prior image rec-
tification, which remains a challenge. Most methods rely
on computer vision without leveraging camera data.

Multi-view fusion and geolocalization. To mitigate the
limitations of single-perspective analysis, recent research
leverages cross-view geolocalization and multi-view fu-
sion to synthesize data from diverse viewpoints. Wegner
et al. demonstrate the effectiveness of combining aerial
and street-level imagery, using the former for coarse ob-
ject localization and the latter for fine-grained classifi-
cation (Wegner et al., 2016). To determine the position
of objects that appear in multiple images, Nassar et al.
employ Graph Neural Networks (GNN) to cluster detec-
tions into unique geographic coordinates based on spatial
proximity. The GNN learns to cut edges between false
matches (Nassar et al., 2020). Furthermore, multi-sensor
pipelines have been proposed to enhance positioning ac-
curacy. For instance, Krylov et al. fuse street-level im-
ages with airborne LiDAR. Segmentation in street-level
images generates candidate objects and their position is
estimated using monocular depth estimation. Candidate
positions are then computed from LiDAR using Markov
Random Fields (MRF) (Krylov and Dahyot, 2018). These
approaches highlight a transition from isolated image pro-
cessing to integrated, multi-source frameworks that pro-
vide a more robust and spatially consistent urban inven-
tory.

3 Factor Definition and Index Construction

The selection, definition and calculation of factors for esti-
mating vertical greenery potential in this work remain con-
sistent as described in (Kramm et al., 2026). While factors
such as wind exposure remain outside the scope of current
data availability, this study focuses on factors that either
determine a wall’s initial suitability and are therefore indi-
rectly required for the index, and evaluative factors, which
directly populate the potential index.

Factors consisting of geometric attributes including ori-
entation (angle-to-north), cardinal direction, height, out-
side exposure, and ground-boundness, are extracted di-
rectly from the LoD2 data. Of these, height, outside ex-
posure and ground-boundness determine initial suitabil-
ity. In order for a wall to be attributed as ground-bound,
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it needs to have ground-level contact. Walls that are not
ground-bound are not taken into account. Outside expo-
sure requires a wall to have no direct adjacent neighbours
so that it is visible to the recording cameras.

To quantify available greening space, we derive the WWR
by applying a CNN-based object detection pipeline to rec-
tified images. This allows for the calculation of the SWA,
representing the uninterrupted masonry surface and there-
fore the area available for greening.

For eligible walls, the potential index is computed follow-
ing the logic established in (Kramm et al., 2026), prioritiz-
ing heat stress reduction. The index is weighted based on
three critical components (Bustami et al., 2018):

e SWA: High values indicate greater greening capacity.

o WWR: Lower ratios denote fewer conflicts (e.g.,
daylighting needs or maintenance costs).

e Solar Orientation: South-facing surfaces are prior-
itized due to higher solar radiation, maximizing the
cooling benefits of evapotranspiration and supporting
optimal plant growth.

Walls are subsequently ranked according to this index,
with a rank of 1 identifying the surface where greening
offers the highest potential for heat stress mitigation.

4 Methods

Using a combination of LoD2 data and two different im-
age sources, this approach aims to find facade elements
in images of individual buildings’ walls to derive the fac-
tors mentioned in section 3. To do so, the existing pipeline
(Kramm et al., 2026) for LoD2 data processing and street
view image extraction has been extended (see Figure 1).
The following section illuminates data acquisition and pre-
processing before explaining factor and potential index
calculation.

4.1 Data sources

The LoD2 model is openly available (see Section 7) and
was preprocessed following the mentioned preliminary ap-
proach. To summarize it briefly, the LoD2 data is used to
source the geometry and metadata for approximately 1,300
buildings in the suburb Wiesdorf serving as test area in the
city of Leverkusen (see Table 1). At this point, a model
with higher level of detail is unavailable, such as LoD3,
which would include facade openings. A significant chal-
lenge with this dataset is that buildings are often mod-
eled as composite structures, consisting of a main build-
ing alongside smaller extensions. Consequently, outward-
facing walls are frequently represented as multiple frag-
mented surfaces rather than single continuous units (see
Figure 2 a) and b)), which requires extensive preprocess-
ing to accurately estimate the potential for vertical green-
ery.
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Figure 1. Methodological Evolution. Comparison of the baseline approach (Kramm et al., 2026) using single-source SVI (top) versus
our proposed multi-view fusion framework (bottom). Our workflow integrates oblique imagery (green) and enhances the extraction
logic (purple) to fuse up to six views per surface, significantly increasing robustness.

(@) (b)

Figure 2. LoD2 data: Fragmentedly modelled building (a) and
building with extensions modelled as separate parts (b).

The preprocessing pipeline first focuses on data cleanup
by removing invalid geometries. This includes eliminat-
ing surfaces defined by three or fewer coordinates, delet-
ing surfaces with an area of 0 m?, and filtering out non-
vertical walls where the normal vector deviates by more
than 5 cm. Following this, the process addresses the frag-
mented modeling within the LoD2 data, where single
physical walls often appear as separate or insignificantly
small surfaces. To resolve this, surfaces belonging to the
same wall are merged into a cohesive unit, and any re-
maining surfaces that do not connect to the ground are re-
moved from the dataset. For further processing, the dataset
contains wall surfaces and ground surfaces of each build-
ing modeled as tuples of real world coordinates (X, y, z).
360° RGB panoramic images of building facades in Lev-
erkusen were retrieved for ground-level analysis via the
StreetSmart APT'. To do so, we were provided with cre-
dentials by the city of Leverkusen. Building facades had
to meet two selection criteria, which serve to minimize the
error rate for object detection: a maximum camera-to-wall
distance of 20m and a minimum facade area of 5m?. With-
out the camera-to-wall distance threshold, far-away build-

'Cyclomedia API Documentation
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ing walls are fetched, on which facade details cannot be
recognized. The minimum facade area ensures that frag-
mented walls mentioned above, for which wall merging
did not create a cohesive unit, are not extracted, as object
detection fails on these.

For qualifying facades, we identified candidate record-
ing points characterized by optimal viewing angles and
minimal occlusion by other buildings. In an evolution of
the established street view extraction pipeline (Kramm
et al., 2026), we retrieved three separate images per fa-
cade from varying positions, replacing the single-view ap-
proach to potentially mitigate ground-level occlusions. To
derive factors such as the Window-to-Wall Ratio and the
Solid Wall Area, facade elements will be parsed using
object detection. To obtain an accurate result using these
techniques, the facade image is rectified before processing
to allow the method to recognize facade elements as pre-
cisely as possible. To do so, raw images underwent a two-
step geometric correction. First, 3D real-world surface co-
ordinates were projected onto the 2D image plane using
the camera’s intrinsic (X)) and extrinsic (R[t]) calibration
matrices, incorporating focal length, yaw, and pitch meta-
data. Second, a homographic transformation rectified the
perspective, normalizing the view of the facade. Finally,
to ensure data quality, a fine-tuned MobileNet CNN clas-
sified and discarded images where no building was visible
due to obstructions by foreground objects (e.g., street trees
or traffic) or incorrect images (extracted images of walls
that are not outside exposed) (Kramm et al., 2026).

Oblique Images of wall surfaces were added to the ap-
proach to extend the analysis to surfaces not visible from
the street and be able to compare results from two differ-
ent data sources. They are recorded in a way that the same
regions appear in several photos. Due to this overlap, a sin-
gle facade typically appears in multiple images. The first
step therefore involved associating specific LoD2 wall sur-
faces with the available aerial images and finding the best
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matches. The oblique image data was provided directly by
the city of Leverkusen.

Candidate images for each wall surface were identified by
verifying that the wall’s spatial boundaries were contained
within the camera’s field of view. Additionally, a direc-
tional constraint was applied to ensure the wall’s orienta-
tion opposed the camera’s viewing direction (e.g., associ-
ating a south-facing wall with a north-facing camera). This
initial preprocessing step typically yielded between three
and thirty candidate images per surface. We chose to iso-
late three optimal images. To do so, we converted the 3D
world coordinates of the LoD2 wall vertices to 2D pixel
coordinates using each camera’s intrinsic (K) and extrin-
sic (R][t]) calibration matrices and determined the wall area
in pixels. This was further refined by calculating the angle
between the wall’s surface normal and the direction of the
camera’s optical axis. To mitigate high-perspective distor-
tion, a cut-off threshold of 60° was set for this angle, as 0°
would face the wall straight on, and over 60° the perspec-
tive would distort the image too much. From the remain-
ing valid set, the three images exhibiting the largest pro-
jected pixel area were selected for further analysis. Based
on the calculated pixel coordinates, the selected wall sur-
faces were cropped from the respective oblique images.
To keep the methodology aligned with the preprocessing
of street view images, the raw crops were then rectified.
A homographic transformation was applied to convert the
angled aerial perspective into an orthogonal, front-facing
view.

Despite preprocessing, non-visible walls persist in the
dataset and risk skewing detection results. Consequently,
an ImageNet-pretrained network is utilized to identify and
discard these invalid samples, mirroring the methodology
applied to street view imagery.

Table 1. Dataset overview: Comparative count of assessed walls
and source imagery.

Before Preprocessing

Number of buildings 1,342
Number of walls 9,009
exposed to outside 5,744
After Preprocessing Street View  Oblique Aerial
Number of unique walls:
with extracted images 1,642 5,537
with valid images 923 1,522
with results 884 1,432

4.2 Factor calculation

To accurately assess a wall’s suitability for greening, sev-
eral factors are calculated using a combination of geomet-
ric analysis and computer vision techniques.

Geometric Analysis Many factors can be derived from the
LoD2 data directly, such as the height, which is calculated
as the difference between the highest and lowest z-value
of the wall coordinates in the LoD2 data. To determine the
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total surface area of a wall, standard library limitations
regarding 3D planar geometries are circumvented by em-
ploying a vector cross-product method: The wall surface is
decomposed into component triangles, which are summed.
By doing so, accurate area calculation is ensured even for
complex shapes. Further, it is assessed whether at least
two surface vertices fall within a +10cm tolerance buffer
of the building’s ground surface z-coordinates, which is
called ground boundness. To classify a wall’s orientation
(i.e., cardinal direction North, East, South, or West), the
angle between the wall’s surface and true North is calcu-
lated. Since buildings in urban areas often obstruct one an-
other, outside exposure determines if a wall is actually vis-
ible. This is done by measuring the distance between the
particular wall and all buildings within a radius of 5m. If
any building falls into this radius, the wall is marked as not
visible.

Computer Vision Analysis To analyze the composition
of the facade and separate solid wall from openings, a
computer vision model detects facade elements such as
windows, doors or balconies within images of the facade
(see Figure 3 (b)) returning bounding boxes for each ele-
ment found. For street view images, a custom trained De-
tectron2” net is utilized and for oblique images a custom
trained YOLOv8? net. If multiple views for a wall are avail-
able, bounding boxes are fused prior to the calculation of
WWR and SWA (see Subsection 4.3). Following object
detection and fusion, the derivation of values proceeds in
pixel space. The LoD2 wall vertices are projected onto the
image plane to define the facade’s bounding polygon (see
Figure 4 (a)). The cumulative area of all detected bounding
boxes is subtracted from this projected polygon represent-
ing the SWA in pixels (see Figure 4 (b)).

(b)

Figure 4. In Figure (a), the window (label 0) and door (label 1)
detection in red on a rectified building wall can be seen, along
with the projected surface bounding box in blue. Figure (b) de-
picts the resulting polygon obtained by subtracting the detected
window and door surfaces from the original outside surface poly-
gon.

The proportion of solid wall to absolute wall area is then
determined by dividing the SWA pixel area (Asw a_ps)
by the total pixel area (Asotqr ps) Of the projected poly-
gon, to be then used to calculate the Window-to-Wall Ra-

Zhttps://detectron2.readthedocs.io/en/latest/
3https://docs.ultralytics.com/de/models/yolov8/
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Figure 3. The pipeline for street view images (bottom) and oblique images (top). LoD2 data is used to extract wall surfaces which are
then used to extract images of all visible walls. Object detection is used to parse facade elements. A multi-view detection pool is created
for each wall by using 2D to 3D reprojection. For each image, the projections are recalculated separately and fused into one box for

each facade element.

tio (WWR). For this study*, the WWR is geometrically
defined as the complement of this solid wall fraction (see
Equation 1):

ASWA?px

WWR=1- (1)

Atotal_pac

The final SWA in m? is obtained by multiplying the com-
plement of the WWR by the wall’s total surface area in
m? derived from the LoD2 geometry (see Equation 2).
Any wall surfaces for which valid images could not be
extracted or validated are assigned NaN values for both
metrics.

SW A2 = (1—WWR) X Agoral me )

“The definition of WWR varies by application. While energy
modeling requires a distinction between glazing and window
frames, this study treats the entire window (and further openings
such as doors) as a void, since any aperture increases greenery
maintenance complexity and therefore cost.
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4.3 Multi-view fusion

Due to occlusions by trees or higher buildings, it may hap-
pen that not all facade elements can be detected from one
perspective. Therefore, we perform a multi-view fusion for
all detections of a wall. For walls visible from both oblique
and street view perspectives, this involved the synthesis of
up to six distinct views, while single-perspective walls can
still benefit from the fusion of up to three images. In con-
trast to related studies that rely on machine learning for
region proposal or object localization, we create a deter-
ministic geometric approach exploiting the camera’s cali-
bration parameters to establish a bidirectional mapping be-
tween world and pixel coordinates. This allows for the pre-
cise calculation of pixel coordinates for all detections, by-
passing the need for stochastic region-proposal networks.
To fuse all detections of a wall, we first create a detec-
tion pool containing all detections in wall-aligned real-
world coordinates. Pixel-space detections are projected
onto the wall plane using each image’s homography, en-
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abling consistent fusion across images. This detection pool
is then reconverted to 2D pixel space for each image sep-
arately (see Figure 3 (c)). To find and group detections of
single facade objects, the centroids of all bounding box
pixel values are clustered using the density-based cluster-
ing algorithm (DBSCAN). All boxes of a single facade ob-
ject are fused and aligned in a two-step post-processing
pipeline: First, overlapping detections for the same ele-
ment are aggregated by calculating the coordinate-wise
median (Tpmin, Ymins Tmaz, Ymaz)- We select the median
over mean-based, aiming for more robustness against out-
liers. Second, to reflect the structural regularity of archi-
tectural facades, the resulting boxes undergo a grid align-
ment process. DBSCAN again analyzes the vertical and
horizontal coordinates of all elements to identify dominant
rows and columns. The edges of each bounding box are
then snapped to the median of their respective cluster, cor-
recting spatial jitter and enforcing a coherent rectilinear
grid structure (see Figure 3 (d)). Using the fused bound-
ing boxes, the values for WWR and SWA are calculated
for each image as described in Subsection 4.2. These val-
ues are then averaged first within each data source yielding
one result per source, and subsequently these are averaged
for the final result for each wall.

4.4 Vertical Greenery Potential Index

To prioritize facades most suitable for greening, prior work
established a potential index. This composite metric ag-
gregates three key variables: Solid Wall Area, Window-to-
Wall Ratio, and orientation. This scoring system identifies
facades where vegetation would enhance evaporative cool-
ing and shading, thus offering the most significant contri-
bution to mitigating urban heat stress.

To obtain a broader spectrum of index values, power trans-
formations are applied prior to normalization. SWA is ad-
justed with an exponent of 0.3 followed by min-max scal-
ing. WWR is similarly transformed with an exponent of
0.5. As a high WWR should result in a lower potential
index, the complement (1 — WW R) is utilized for the fi-
nal calculation. Orientation was scored discretely based
on solar exposure potential, by assigning a fixed value to
each orientation prioritizing south-facing walls (0.5) over
east/west (0.35) and north (0.15). The final index is com-
puted as a weighted linear combination:

Indexpor =0.5% SW Anorm + 0.4 % WW Riny_norm
+ 0.1 % Orientation 3)

5 Evaluation and Results

A primary constraint of this work is the absence of a
ground-truth dataset for the building stock in Leverkusen
(e.g., a LoD3 model containing facade openings). To be
able to assess the accuracy of the proposed pipeline, a
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ground-truth dataset was established with a sample of
50 facades containing both street view and oblique im-
ages. For these, all visible facade elements (e.g., win-
dows, doors) were manually annotated within the pro-
jected LoD2 surface. These annotations were then pro-
cessed using the calculation pipeline described in Sec-
tion 4, yielding ground-truth values for WWR and SWA.
Complementing this, a comparative analysis between the
two data sources (street view and oblique imagery) was
conducted. By evaluating the cross-modal consistency be-
tween street view and oblique aerial imagery, we aim to
determine whether they yield comparable results or ex-
hibit significant differences. Quantifying this inter-source
variability is critical for establishing the conditions under
which results yielded by a single-source can be considered
trustworthy for city-wide assessments, particularly where
dual-perspective coverage for walls is unavailable.

5.1 Geometric Misalignment

The estimation of WWR and SWA relies on the projection
of LoD2 wall surface geometries onto 2D image planes.
This introduces a significant source of uncertainty, as the
projection often deviates from the actual building facade.
This can manifest in the projected geometries exceeding
the actual facade boundaries or polygons suffering from
positional offsets, where the projected area is approxi-
mately accurate but fails to align with the visual edges of
the building. (see Figure 5 (b) and (c)). Such misalignment
can lead to the inclusion of background noise or the over-
estimation of wall areas. According to the city’s geodata
office, approximately 30% of the LoD2 dataset is affected
by such spatial imprecision. To mitigate these effects, the
projection should be corrected first. A possible solution
could be to use the initial LoD2 projection as a Region
of Interest (ROI) for facade segmentation. This refinement
step would allow the facade boundaries to snap to the ac-
tual visual edges, ensuring higher accuracy in the subse-
quent factor calculation.

5.2 Dataset composition and Image Availability

From the initial dataset comprising approximately 9,000
wall surfaces, our analysis identified 5,700 surfaces with
outside exposure, meaning the remaining walls are directly
adjacent to neighboring buildings (see Table 1). Data ac-
quisition rates varied significantly by source: The street
view perspective yielded images for only ~30% of the
exposed surfaces. In contrast, oblique imagery achieved
near-universal coverage, substantiating the study’s pri-
mary motivation to achieve greater coverage of all walls
using oblique images.

Following acquisition, a CNN validated if an image dis-
plays a house or a wall and discarded images that did
not. Post-validation, the viable dataset for oblique im-
agery exhibited a significant decline, with only 1,500
walls remaining in the dataset. This substantial reduction
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Figure 5. Detection comparison for street view (above) and oblique (below) images. The blue bounding boxes indicate detections from
the object detection network. It becomes apparent that not all facade elements are always recognized in an image. The red bounding
box indicates the inaccurate, projected wall surface from the LoD2 data.

stems from the oblique extraction pipeline’s inherent sen-
sitivity to the segmented geometry of the LoD2 models.
Street view image acquisition relies on calculating cam-
era extrinsics (yaw and pitch) to find eligible recording
points that center the target, retrieving the full sensor’s
field of view. Consequently, even small wall segments are
captured within a larger, recognizable building context,
satisfying the CNN’s validation criteria. Conversely, the
oblique extraction pipeline utilizes a strict 3D-to-2D ver-
tex projection to isolate the specific wall surface. Due to
the fragmented nature of LoD2 modeling, where buildings
are often composed of multiple parts, this strict cropping
frequently yields low-resolution snippets lacking sufficient
semantic features for validation (see Figure 6). This issue
highlights a critical dependency on the quality of GML
modeling, as geometric fragmentation persists despite pre-
processing efforts to merge coplanar wall segments.

Figure 6. Example cut outs from oblique imagery for fragment-
edly modelled wall surfaces.
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5.3 Source-Specific Limitations and Variance

Before comparing across perspectives, we assessed the in-
ternal consistency of the derived SWA and WWR within
each image type. For both WWR and SWA, the typical per-
wall variation across multiple images was low with a stan-
dard deviation of about 2% for oblique and street view im-
ages. This indicates consistency within images of the same
perspective. For a small number of walls, both perspec-
tives nevertheless included a small number of walls with
substantially higher variability, likely due to partial occlu-
sion, complex geometry, or limited coverage in some im-
ages. While susceptibility to occlusion is a shared limita-
tion, the nature of the obstruction differs by source: Street
view data is frequently obstructed by objects such as vege-
tation or vehicles, while oblique imagery suffers from oc-
clusions caused by adjacent buildings and tree canopies.
These obstructions can negatively impact the calculation
of the SWA, as facade objects are often hidden and there-
fore not detected by the object detection. Even though this
limitation concerns both data sources, our analysis shows
that if dual coverage is available for a specific wall, occlu-
sions do not necessarily occur in both perspectives, rein-
forcing the benefit of using multiple data sources.

Table 2. Differences in wall-level estimates between approaches

Individual: Fused:
SV vs. Obl. SV vs. Obl.
Median Diff. WWR in % -4.3 0
Max Diff. WWR in % 22 19.4
Median Diff. SWA inm? 3.4 -0.1
Max Diff. SWA in m? 88.3 85.3
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5.4 Comparative Analysis: Street View vs. Oblique
Imagery

To evaluate the proposed fusion pipeline and compare re-
sults from both data sources, a cross-modal validation was
performed by comparing the SWA and WWR estimations
derived from isolated walls in both street view and oblique
aerial imagery. A comparison of factors derived indepen-
dently from oblique and street view imagery reveals sys-
tematic differences at the wall level. For WWR, oblique
estimates are consistently lower than those obtained from
street view, indicating a negative bias (see Figure 7 (a)).
Consequently, the SWA exhibits a similar pattern, with
oblique estimates exceeding street view (see Figure 8
(a)). While the magnitude of disagreement varies between
walls, median differences indicate small discrepancies be-
tween the two perspectives, and in individual cases, large
outliers can be observed. These findings highlight the sen-
sitivity of estimates to different viewpoints (see Table 2).

WWR Comparison: Oblique vs Street View WWR Comparison: Fused Oblique vs Street View
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Figure 7. Comparing results for the window-to-wall ratio
(WWR) before (a) and after (b) fusion. Results after fusion show
less bias between both image sources.
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Figure 8. Comparing results for the Solid Wall Area before (a)
and after (b) fusion cut off at 150 for readability. Results after
fusion show less bias between both image sources.
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However, the practical impact of these discrepancies on
the assessment of greening potential is less severe than
the raw variance suggests, as the independent SWA esti-
mates demonstrate general agreement even prior to fusion
(see Figure 8 (a)). Since the SWA is derived from the total
wall area multiplied by the complement of the WWR (see
Equation 2), a deviation in the ratio (e.g., A=0.1) often
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translates to a manageable difference in absolute square
meterage. This indicates that, despite the identified bias,
both data sources independently yield sufficiently accurate
approximations to serve as valid baselines for estimating
vertical greenery potential, although fusion also reinforces
the consistency in this case (see Figure 8 (b)).

The systematic underestimation of WWR in aerial images
can be linked to a lower density of object detections within
the same wall compared to the street view perspective (see
Figure 9). There are two explanations for this: first, the
coarser spatial resolution of oblique aerial imagery can ob-
scure small features. Second, the acute viewing angles of
the aerial cameras towards wall surfaces can lead to roof
eaves or structural overhangs covering the upper parts of
the facade (see Figure 5 (c)). Furthermore, the underlying
neural networks are subject to classification errors where
misclassifications or missed detections in either modality
may introduce a marginal degree of noise into the final re-
sults.

Detection difference per wall

B Ww m T

0 200 400 600 800 1000
Wall index

Figure 9. Comparing the number of detections in street view and
oblique images. O indicates the same number of detections in
street view and oblique images, negative numbers indicate more
detections in street view images.

To mitigate the noise and enhance the methodological ro-
bustness, a multi-view fusion strategy was implemented
by aggregating and aligning detections from all available
images per wall. The fusion approach substantially im-
proves agreement between the two data sources (see Fig-
ure 7 (b) and 8 (b)). With the median differences reduced
to near zero for both WWR and SWA, the systematic
bias becomes negligible, resulting in nearly unbiased and
highly consistent estimates across most facades. The im-
proved agreement is achieved by a more consistent num-
ber of detections across all images of a wall, demonstrating
the increased robustness of multi-view integration against
viewpoint-dependent errors.

Nevertheless, the applied fusion methodology in this study
is not without limitations. First, the aggregation logic re-
mains vulnerable to detection artifacts: if the input data
contains a high frequency of imprecise bounding boxes, a
common issue in oblique imagery where detections often
fail to snap precisely to window edges due to the low reso-
lution, the fusion algorithm inadvertently reinforces these
geometric inaccuracies rather than filtering them out. Sec-
ond, the clustering mechanism is highly sensitive to the se-
lected parameters, specifically the spatial distance thresh-
old (¢) of the DBSCAN algorithm, where suboptimal tun-
ing can lead to either the over-segmentation of single ele-
ments or the erroneous merging of adjacent windows. Fi-
nally, while Region-of-Interest (ROI) refinement strategies
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used in related research could theoretically mitigate such
alignment errors, their practical utility remains uncertain
in this context. Since the primary impairment in oblique
detections likely stems from inherent low resolution, geo-
metric post-processing alone may be insufficient to better
align the bounding boxes.

5.5 Ground-truth comparison

Finally, the results of the fusion pipeline are tested against
a manually annotated ground-truth dataset of 50 facades.
This set excludes facades with severe occlusions, however,
partially obscured elements were annotated to their full
inferred extent. Furthermore, the projected LoD2 surface
geometry was utilized to derive ground-truth WWR and
SWA despite known inaccuracies. Thus, this validation
isolates the performance of the detection and fusion algo-
rithms, validating internal consistency rather than absolute
conformity to physical reality. The residuals were calcu-
lated by subtracting the calculated value from the ground-
truth value. The WWR analysis reveals a high degree of
accuracy, with the majority of residuals falling within the
narrow range of 0.1 (see Figure 10 (a)). Translating these
ratios onto the physical facade, resulting deviations lie be-
tween +10m? (see Figure 10 (b) and (c)). Given the scale
of urban planning, this margin of error is well within ac-
ceptable limits for identifying high-potential surfaces.

5.6 Index Calculation

The potential index was calculated for a total of 1,889
walls (see Figure 11). Where available, values derived
from the multi-perspective fusion were prioritized; oth-
erwise, the value from the single-source calculation was
used.

A qualitative review of the indexed walls revealed that re-
sults derived from street view imagery consistently yielded
surfaces that suggest to be ideal candidates for greening
(see Figure 12 (top row)). These candidates are character-
ized by a lack of windows and large surface areas. Nev-
ertheless, the majority of results from walls ranked highly
in the index are derived from oblique images. Looking at
these walls, they exhibit detection omissions or occlusions
by vegetation, which emerged as the leading source of er-
ror, along with the method’s susceptibility to producing
small or occluded image cut-outs (see Figure 12 (bottom
row)). This indicates that these top-ranked aerial candi-
dates may not be as suitable for vertical greenery as the
index initially suggests. However, this does not generally
question the calculation of the index, but emphasizes the
importance of thorough data cleaning for the calculation
and highlights the importance of object recognition per-
formance for facade segmentation and image validation.

AGILE: GlIScience Series, 7, 8, 2026 | https://doi.org/10.5194/agile-giss-7-8-2026

6 Discussion and Outlook

Our findings indicate a high level of agreement be-
tween the individual street view and oblique perspec-
tives. By synthesizing detections from multiple angles,
the approach significantly increases robustness against
viewpoint-specific occlusions, leading to less systematic
bias in WWR and SWA estimates. Crucially, this fusion
process operates on multiple levels: while dual-source
coverage allows for the integration of up to six images per
wall, the pipeline still successfully fuses up to three im-
ages when only a single data source is available. While the
first provides the highest degree of occlusion mitigation,
its application is limited to walls with dual coverage. Nev-
ertheless, the method’s reliability is strongly validated by
the ground truth analysis, which shows minimal deviation
from manual annotations.

The evaluation of the vertical greenery potential index
further highlights source-specific differences. While esti-
mates of facades within the top index rankings derived
from SVI yield suitable candidate walls for greening, the
analysis of walls, whose values originate from oblique im-
ages, has shown that occlusions and omitted detections
may yield misleadingly high suitability scores and re-
quire further validation. Yet the high occurrences of aerial-
derived facades within the top index rankings stresses the
superior spatial coverage.

While the proposed computational framework is transfer-
able to any region with adequate data availability, the spe-
cific suitability parameters of this study were formulated
and applied for central European cities. Here, the prior-
itizing of south-facing facades optimizes cooling effects
and plant vitality, whereas in southern Europe, high so-
lar irradiance can become a stressor for plants. In such re-
gions, the weighting logic would need to be adjusted to
favor more shaded orientations. Similarly, the typological
context of this study was low-rise building blocks. To find
suitable walls in high-rise environments, further variables
such as wind loads must be incorporated.

At last, the inherent inaccuracies in the LoD2 modeling
introduce errors in both image extraction and factor cal-
culation. As the LoD2 vertices are used to project wall
surfaces onto oblique images for extraction, the granu-
lar partitioning of buildings in the GML model often re-
sults in tightly cropped, low-resolution image patches that
lack sufficient semantic features for validation. The anal-
ysis also revealed a lower object detection rate and poorer
bounding box quality in the oblique dataset compared to
street view. This performance gap is likely attributable to
a combination of lower spatial resolution and the fact that
current computer vision architectures are predominantly
pre-trained on higher resolution datasets. Furthermore, the
current fusion logic remains sensitive to the quality of fa-
cade object detections, as imprecise bounding boxes can
propagate errors rather than resolving them.
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Figure 10. Quantitative comparison of the fused pipeline against manually annotated ground truth. Residual plots demonstrate minimal
deviation in WWR across the dataset, with the exception of a single outlier. Consequently, the discrepancies in absolute Solid Wall
Area (m?) remain negligible. Plot (c) is a zoom-in version of plot (b) two without outliers.
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Figure 11. The calculated index for all walls in the test area.

Figure 12. Example for walls within the top ten of the index.
Candidates whose results are derived from street-view imagery
(top row) are identified as promising targets, whereas candidates
whose results are derived from oblique imagery (bottom row) are
predominantly affected by occlusions, such as vegetation or roof
eaves.

Future research should therefore decouple the extraction
pipeline from geometric dependencies and find the true
boundaries of the facade by employing semantic segmen-
tation, where the raw LoD2 projection could still serve
as initialization. To enhance the reliability of the oblique
pipeline, the geometric merging of LoD2 wall segments
during pre-processing should be refined to eliminate frag-
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mented or erroneous cutouts. Providing the facade detec-
tion and validation network with more coherent facade re-
gions could improve filtering accuracy and overall detec-
tion performance. If advanced preprocessing can success-
fully refine wall geometries and thus mitigate extraction
noise, oblique imagery could potentially serve as a suffi-
cient standalone data source in urban areas where dual-
data coverage is not feasible. Despite these challenges, the
fusion of terrestrial and aerial data represents a vital step
toward a comprehensive digital inventory of urban vertical
greenery potential.

7 Data and Software Availability

Data. The data used in this work was mostly provided
by the city of Leverkusen and is not ours to share due
to licensing restrictions. For inquiries regarding oblique
images, refer to Sachgebiet Geodatenmanagement Lev-
erkusen and regarding street view Cyclomedia company.

The Level of Detail 2 city model is openly available
and was downloaded via https://www.opengeodata.nrw.
de/produkte/geobasis/3dg/lod2_gml/lod2_gml/. An exam-
ple file can be found in the repository.

Code. The code for the approaches described in this paper
can only be made available in limited form for the follow-
ing reasons:

e Proprietary API and Data: Certain components of the
pipeline are derived from proprietary data and APIs
that are not publicly accessible. Releasing the source
code without appropriate authorization or without
redacting these elements could lead to contract vio-
lations.

o API Keys: To obtain street view images from the
street smart API, confidential credentials are needed.
Making the code public would require removing or
masking these elements, which would limit the appli-
cation’s functionality.
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e Licensing restrictions: The trained models cannot be
made available due to licensing restrictions. Since
they were trained on proprietary data, their owner did
not allow us to publish the models.

The code that can be made available without restric-
tions can be found via https://github.com/aruscha-k/
Quantify-VGS and contains the following items:

e Example LoD2 data downloaded from the above link

e LoD2 preprocessing and derivation of factors from
LoD2 data

e Fusion of street view and oblique detections

e Computation for the potential index
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