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 A B S T R A C T

Semantic enrichment extends 3D city models, which already encode object-level semantics such as building 
parts and surfaces, with thematic attributes that make them suitable for a broad range of urban analyses, and 
building energy and microclimate studies. This article addresses a frequently missing but vital attribute in such 
models, namely roof material, by combining high resolution RGB image classification with footprint guided 
background suppression. Building footprints from OpenStreetMap (OSM) are rasterised into masks that remove 
non-roof pixels, allowing the classifier to focus on material cues rather than surrounding urban context. An 
image classification network is then trained to distinguish five roof material classes. Predicted materials are 
written back into a semantically and geometrically rich City Geography Markup Language (CityGML) dataset 
as per-building attributes and used to drive a streamlined urban heat island screening workflow. This enables 
estimation of baseline roof temperatures as well as scenario-based changes under cool-roof and green-roof 
substitutions. A citywide greening simulation of suitable roof candidates across Hamburg (Germany), Paris 
(France), and Madrid (Spain) indicates an overall cooling on roofs of approximately 0.83 K across Hamburg, 
0.16 K across Paris, and 0.6 K across Madrid in the most favorable scenarios. The proposed pipeline is data-
efficient, reproducible, and deployable at city scale. To the best of the authors’ knowledge, this is the first 
pipeline to explicitly combine footprint-guided roof material classification with city-scale urban heat island 
screening on CityGML data in a single end-to-end workflow. The full pipeline code is available at: Github.
1. Introduction

Semantic 3D city models support a wide range of urban analysis 
tasks, owing in large part to the rich semantic information they carry 
beyond purely geometric representations. Yet many attributes essential 
to such analyses are often absent from publicly available datasets. 
Urban heat island (UHI) screening is a prominent example: without 
knowledge of building roof materials, heat-absorbing and reflective 
elements cannot be distinguished, causing fundamental uncertainty in 
the resulting simulations that additional geometric detail alone cannot 
resolve. This type of information is far from academic; it has direct 
implications for urban climate adaptation, which ranks among the most 
pressing climate challenges cities face today.

Global surface temperatures from 2011 to 2020 averaged 1.1◦C 
above the 1850–1900 baseline, and heat extremes have grown more 
frequent and more severe (IPCC, 2023). This causes more heat re-
lated illnesses, added strain on power grids, and lost work on the 
hottest days. Therefore, cool roofs and urban greening became standard 
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requirements in city planning (Dodman et al., 2022). It is against 
this backdrop that UHI screenings earn their importance by giving 
decision-makers the quantitative grounding needed to target interven-
tions, weigh trade-offs, and evaluate the cooling potential of greening 
strategies at meaningful scales.

Delivering that quantitative grounding, however, requires a data 
substrate capable of carrying both geometry and the thematic attributes 
that physical models demand and this is precisely the role that semantic 
3D city models, and CityGML in particular, are designed to play.

CityGML is a widely adopted Open Geospatial Consortium (OGC) 
standard for semantically rich, interoperable 3D city models (Gröger 
et al., 2012). Yet the practical value of any public CityGML dataset 
depends on what individual providers choose to release, and content 
and quality vary considerably between countries and federal states. 
Prior audits have documented recurring geometric and topological 
issues, along with inconsistencies in semantic labeling that can degrade 
downstream simulation (Biljecki et al., 2016; Ledoux, 2018), but these 
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Nomenclature

Abbreviations

3DCityDB 3D City Database
ADE Application Domain Extension
CityGML City Geography Markup Language
CRS Coordinate Reference System
DOP20 Digitales Orthophoto, 20 cm ground sam-

pling distance
ECE Expected Calibration Error
F1 Harmonic mean of precision and recall
GMLID Geography Markup Language identifier
IPCC Intergovernmental Panel on Climate 

Change
LoD Level of Detail
LST Land Surface Temperature
NDBI Normalized Difference Built-up Index
NDVI Normalized Difference Vegetation Index
NIR Near-Infrared
OGC Open Geospatial Consortium
OSM OpenStreetMap
RDBMS Relational Database Management System
SQL Structured Query Language
SWIR Shortwave Infrared bands
TIRS Thermal Infrared Sensor
UHI Urban Heat Island
UML Unified Modeling Language
WMS Web Map Service
XML Extensible Markup Language
YOLO-CLS You Only Look Once classification variant

studies are concerned with modeling correctness rather than with the 
domain attributes that applications actually need. The gap we address 
is of a different kind: the absence of roof material information, a 
semantic prerequisite for parameterizing the thermo-optical behavior 
that UHI screening depends on. When such attributes are missing, 
thermal outcomes degrade accordingly (López-Cabeza et al., 2022). 
CityGML provides two technical paths to carry such semantics: defining 
an Application Domain Extension (ADE), or attaching generic attributes 
to existing objects. For a lightweight, interoperable deployment across 
existing 3DCityDB installations; which is an open-source relational 
database and toolset that maps CityGML into normalized tables, we 
adopt the latter (Yao et al., 2018).

This choice in fact matters in practice. Over the past decade, the 
geoinformatics community has shown that 3D city models become ef-
fective decision-making tools only when semantically enriched (Biljecki 
& Ito, 2021; Biljecki, Stoter et al., 2015). Roof material in particular 
is a very important semantic information for urban heat and energy 
analyses. However, it is often absent from the CityGML datasets re-
leased by mapping agencies, not because the information does not exist 
somewhere, but because it is typically not curated or distributed within 
CityGML, For urban climate analyses, this attribute therefore needs to 
be carried within the CityGML dataset itself, attached to RoofSurface 
features as a generic attribute, which extends the data content of an 
instance document without modifying the CityGML conceptual model.

Recent work has begun to close this gap by inferring roof materials 
directly from imagery and injecting the results into semantic city 
models (Arzoumanidis, Nguyen et al., 2025). Yet two factors still limit 
classification accuracy, and by extension, the fidelity of UHI screening 
that depends on those labels. First, aerial tiles or standard orthophoto 
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image patches used for training and inference are visually noisy and 
they frequently contain non-roof content such as roads, trees, parked 
cars, and façades, which dilutes the discriminative signal for roofing 
materials. Second, roof material distributions are highly imbalanced, 
with roof_tiles generally dominating and bituminous classes rare, which 
biases learned classifiers toward more represented classes.

The methodology developed in this paper is designed to address 
both failure modes at the source. First, background leakage is handled 
at ingestion by utilizing building footprints to suppress any non-roof 
pixels before the classifier ever sees them, so that training and inference 
operate on the same clean support region and the network learns 
material cues rather than urban context. Additionally, class imbalance 
is handled at the data level, through targeted oversampling of under-
represented materials, which lifts minority recall without touching the 
loss or the architecture. The result is a pipeline that keeps the learn-
ing task strictly at the image level while remaining aligned between 
training and deployment.

Taken together, these choices yield an end-to-end pipeline for large-
scale roof material enrichment of authoritative 3D city models. 3D city 
models enriched with material information support a wide range of 
downstream analyses that footprints, even when tagged with mate-
rial like OSM, cannot address. This is mainly because these physical 
analyses are inherently three-dimensional and depend on the explicit 
geometry of the 3D city models such as:

• Ray-tracing-based radio propagation modeling for cellular and 
emerging 6G networks, where reflection, scattering, and diffrac-
tion coefficients depend on both the surface geometry and the 
electromagnetic properties of the material (Testolina et al., 2024).

• Electromagnetic reflection and line-of-sight analysis for
unmanned aerial vehicles, in particular for above-rooftop flight, 
swarm coordination, and landing manoeuvres, where the re-
flective behavior of roof materials directly affects radar and 
communication signal predictions (Zhekov et al., 2020).

• Building energy and solar-gain modeling, where the angular ge-
ometry of pitched roofs interacts with material thermo-optical 
properties to determine incident solar load (Biljecki, Heuvelink 
et al., 2015).

The UHI screening demonstrated in this work is one such application of 
the enriched 3D city models, but not the only one. Enriching CityGML 
therefore situates the contribution within a broader ecosystem of ur-
ban applications that are heavily dependent on semantically rich and 
accurate 3D city models.

Our main contributions are then:

• A masking-aware roof material classifier that suppresses non-
roof context using footprint-derived masks to improve material 
discrimination.

• A deterministic multi-material inference module that aggregates 
image-level predictions into per-building material assignments.

• Direct integration with 3DCityDB, enabling semantic enrichment 
of existing 3D city models at scale.

• A UHI screening workflow that converts roof material semantics 
into scene-specific land surface temperature (LST) estimates for 
both before and after greening assessment.

• A reproducible, city-scale demonstration, including evaluation on 
Hamburg, Germany, as well as other cities beyond Germany such 
as Madrid and Paris to quantify the potential of greening and its 
cooling benefits. 

The remainder of this paper situates our work within related liter-
ature (Section 2), details our masking-aware classification procedure 
(Section 3), quantifies performance and demonstrates the integration 
into a 3D city repository with a UHI screening case study (Section 4), 
and finally discusses type–material correlation and its effect on UHI 
screening (Section 5).
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Fig. 1. Visualization of the test area around Altona train station, Hamburg, Germany. (Top left): Representative areal image of the Altona train station area. (Top 
right): Buildings with semantically enriched roof materials, color-coded as follows: concrete (green), metal (yellow), glass (blue), roof tiles (red), tar paper (purple), 
and no data (gray). The visualization was created using CesiumJS and the 3DCityDB Web Map Client, with OpenStreetMap as the basemap. (Middle): Suitability 
assessment for roof greening, where green indicates a suitable roof and red indicates an unsuitable roof. (Bottom): Simulated cooling effect intensity of potential 
roof greening, represented by a blue hue gradient, from white (no cooling) to dark blue (4 K).
2. Related work

In the context of roof material classification and enrichment, Ar-
zoumanidis, Nguyen et al. (2025) demonstrated that city scale roof 
material mapping does not require extensive surveys. Starting from 
two openly available resources, OSM roof attributes and high-resolution 
RGB orthophotos over Germany, they assembled a training dataset by 
querying OSM, gridding space, and pairing candidate buildings with 
imagery, while discarding weak samples through geometric checks. 
With this approach, they trained a YOLOv11 detector to localize and 
classify roof segments, then integrated the detections into a 3D city 
model. The result was an end-to-end, repeatable pipeline: images in, 
materials out, and attributes returned to a database that planners 
can query. Two key steps made the approach operational. First, de-
tections were integrated into 3DCityDB (v5.0) by spatially matching 
predicted bounding boxes to CityGML building footprints using a mod-
ified Jaccard index, transforming per-tile predictions into per-building 
3 
attributes with lineage. Second, a Bremen case study demonstrated 
coverage at scale roof materials attached to 83% of 20,764 buildings.

Despite these methodological advances, the approach inherits and 
highlights several persistent challenges in the field. Tiles and detections 
suffer from background leakage, where roads, trees, and façades dilute 
the roof signal and depress recall, often manifesting as ‘‘background’’ 
classifications rather than incorrect material assignments. The label 
source amplifies class imbalance: volunteered attributes skew toward 
common materials, leaving rare classes statistically underrepresented 
even with large sample counts. Finally, the write-back process relies 
on box–footprint overlap. However, loose bounding boxes, as well as 
small and complex roofs can lead to incorrect spatial matching, and 
training on object detections while processing tiles with mixed context 
can subtly miss-align training and inference.

Where RGB cues blur distinctions between metal, roof_tiles, and bi-
tuminous surfaces, multi-spectral and thermal channels enable sharper 



E. Kanna et al. Sustainable Cities and Society 149 (2026) 107734 
discrimination. Ilehag et al. (2018) segmented coarse material families 
from high-resolution multi-spectral and thermal data and injected at-
tributes into a 3D city model, illustrating how additional spectral bands 
regularize cases that defeat RGB classification. At the other extreme, 
purely RGB pipelines report local segmentation and classification over 
small areas (Kim et al., 2021; Solovyev, 2020), while color-infrared 
data have been used to identify asbestos–cement roofs (Krówczyńska 
et al., 2020). The consistent lesson is that richer spectral bands help, but 
their availability and coverage are uneven at city scale. Consequently, 
methods relying solely on ubiquitous RGB imagery remain a critical, if 
constrained, pathway to scalability.

A parallel research direction recovers roof structure to guide se-
mantic interpretation. Dehbi et al. (2021) applied an active sampling 
to classify and reconstruct complex roofs from LiDAR point clouds. 
Dehbi et al. (2019) identified roof superstructures like dormers us-
ing statistical descriptors of inclination and residuals, demonstrating 
strong performance on both synthetic and real point clouds. More re-
cent work couples transformer-style segmentation with mesh prediction 
to regularize roof geometry from high-resolution imagery (Yu et al., 
2025). While these methods do not label materials directly, they yield 
clean partitions and type priors that many enrichment systems exploit 
qualitatively. Our work, by contrast, focuses more on the material 
classification task itself, arguing that improving the core image clas-
sification signal is a prerequisite for effective integration with such 
structural priors.

When areal imagery cannot capture areas under trees or along 
façades, ground-level views offer complementary evidence. Controlled 
comparisons suggest that decision-level fusion of aerial and street-view 
models can outperform early feature fusion, partly because cross-view 
misalignment corrupts learned features (Hoffmann et al., 2019). In 
parallel, community datasets and benchmarks have begun to standard-
ize façade semantics at scale, most notably the OpenFacades initiative 
by Liang et al. (2025), which curates street-view façades with repro-
ducible annotations and evaluation protocols, enabling training and 
comparison for material and element recognition. These gains, how-
ever, come with practical costs, uneven street-view coverage, licensing 
constraints, and persistent alignment issues, which limit direct, city 
wide deployment even as they expand the semantic signal available 
for modeling (Sun et al., 2025). Closely related, Tan et al. (2025) 
developed AdvUNet3+, a deep-learning segmentation model that re-
covers heterogeneous façade materials from street-view imagery and 
projects the recovered material information onto 3D building models, 
explicitly motivating the work with light-pollution, urban heat island, 
and solar-potential analyses.

When it comes to the semantic enrichment of 3D city models, the 
scientific scene has seen multiple efforts to automate the integration 
of attributes to CityGML. Early works heavily relied on geometric 
matching of attributes and buildings (Ogawa et al., 2024), formal 
concept analysis (Ahmadian & Pahlavani, 2022), or knowledge graphs 
(Ding et al., 2024), to align external data, such as OSM tags, with the 
CityGML schema. Some other studies deviated from these approaches 
and proposed to leverage Large Language Models (LLMs) to automate 
the extraction of unstructured data sources like PDF files and the 
semantic mapping into CityGML database (Kanna & Kolbe, 2025). This 
LLM-based framework is a shift towards more flexible and accessible 
enrichment pipelines. However, there have been also a rise of mul-
tiple works that complements the vision of operational, end-to-end 
systems, as seen in roof material mapping (Arzoumanidis, Nguyen et al., 
2025) and cross-view fusion generalizable tool for populating a wider 
range of semantic attributes directly into the city model’s database 
(Hoffmann et al., 2019). These reviews position their efforts within 
the broader landscape of urban digital twins. Weil et al. (2023), for 
example, systematically reviewed the challenges of operationalising 
urban digital twins for sustainable smart cities and semantic richness, 
and the connection between models and real world decision making as 
recurring bottlenecks.
4 
Beyond detection benchmarks, recent work by Arzoumanidis, Li 
et al. (2025) tackles the automatic detection of tiny rooftop infras-
tructure, drainage outlets and ventilation caps, on flat roofs in high-
resolution aerial imagery. Their contribution is explicitly enrichment-
oriented, turning image evidence into maintainable, queryable assets 
using utilities that are embedded into GIS/BIM models. From a sus-
tainability standpoint, such drainage attributes are directly relevant to 
greening feasibility and UHI mitigation, as adequate flow governing 
load, and a watering capacity estimator for green roofs. Our pipeline’s 
material labels and their drainage utilities are therefore complemen-
tary, materials control thermo-optical parameters used in screening, 
while drainage controls hydrological safety and operability of greening 
measures.

A separate research thread extends semantics directly to sustainabil-
ity indicators. Roofpedia, for instance, is an open roof registry mapping 
the spatial distribution and area of solar and green roofs across multiple 
cities (Wu & Biljecki, 2021). Park et al. (2024) on the other hand, pro-
posed an application driven study that estimates cool-roof potential via 
rooftop detection and color-based albedo proxies, explicitly connecting 
appearance and material attributes to energy savings and UHI-oriented 
retrofits (Park et al., 2024). These systems underscore the value of 
queryable write-back and provenance, while also exposing variation in 
how reliably detections are attached to buildings and propagated into 
city model schemas.

Bulatov et al. (2020) took a closely related direction to ours. They 
fused multi-sensor aerial data with semantic 3D city models to forward-
simulate thermal and infrared responses and then localize urban heat 
islands with high spatial fidelity. Their study shows that UHI identi-
fication improves when radiative and material properties are tied to 
explicit city objects rather than to imagery alone, showing the value of 
semantic enrichment for downstream climate analyses.

When approaching UHI mitigation works, one major study comes to 
light (McConnell et al., 2022), a quasi-experimental study in Chicago 
found larger, intensive green roofs with diverse plantings cooled more 
than small, extensive systems, offering a low-cost template based on 
Landsat and open-source analysis.

Recent contributions have also refined this picture by quantify-
ing how cool roofs and urban vegetation translate into measurable 
thermal outcomes under different climates and urban morphologies. 
Lu et al. (2023) evaluated the effectiveness of cool roofs and ur-
ban vegetation during extreme heat events in three Canadian regions 
(Ottawa-Montreal, Calgary, and Vancouver) and reported substantial 
albedo and vegetation cooling effectiveness that varied strongly be-
tween cities. Al Kafy et al. (2024) study is the closest one to this 
work. They estimated the cooling potential of green roofs in downtown 
Austin by combining LiDAR derived 2D and 3D urban morphological 
parameters with an artificial neural network, and reported a daytime 
surface UHI reduction for greened building. However, their workflow 
does not propagate the result back into a semantic 3D city model. A key 
contribution of this work bridges that gap by enriching CityGML with 
roof material attributes that determine which retrofits are physically 
plausible, then feed the retained candidates into the LST scenario.

Methodologically, Remote Sensing and Machine Learning (ML) en-
able scalable targeting and evaluation. City and district level studies 
use LST as a metric to predict cooling benefits. In that sense, we 
see major studies report different LST. Yan et al. (2025) for example 
reported  0.47 K city level and  2.5 K local air temperature drops. 
Calhoun et al. (2024) estimates neighborhood scale evening temper-
ature drops of  0.7–0.9 K from greening and cool-roof interventions. 
Similarly (Sánchez-Cordero et al., 2025) assessed green roof benefit in 
Granada to reach  1.45 K LST reduction. This highlights in evidence 
that the size of the cooling effect depends both on the local climate 
and on where in the city the green roofs are installed. Additionally, Lin 
et al. (2021) formalize the behavior of diminishing-returns for planning 
scenarios, and explicitly quantify how additional green or cool roof 
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retrofits produce progressively smaller extra cooling benefits, providing 
planners with curves to evaluate different retrofit scenarios.

Furthermore, it is important to take into consideration design trade-
offs, courtyard simulations caution that very high albedo can raise 
heat stress despite lowering surface temperature, motivating balanced 
reflectance plus vegetation rather than reflectance alone (López-Cabeza 
et al., 2022). Together, these findings align with operational enrich-
ment goals, to use machine learning in service of UHI screening (See-
berg et al., 2022).

Beyond material attributes, Li and Zeng (2024) reviewed multidis-
ciplinary parameters used to characterize 3D urban morphology and 
found that core indicators such as mean building height and percentage 
of landscape dominate, while vegetation and material related indica-
tors remain comparatively underrepresented. Building on this line of 
work, Cai et al. (2025) proposed a bi-directional mapping between 
morphology metrics and 3D city blocks to support performance driven 
sustainable urban design. At the city scale, Mashhoodi and Unceta 
(2024) studied LST inequality across 683 European Functional Urban 
Areas and found that nearly 70% of intra-city LST inequality can 
be explained by urban form variables, including impervious surfaces, 
density, compactness, vegetation and albedo. At the block scale, Wan 
et al. (2025) used spatial regression to identify the most pivotal block 
level environmental characteristics shaping LST in a high density city, 
and Wang et al. (2024) showed that block morphology effects on the 
urban thermal environment are spatially heterogeneous and need to 
be modeled accordingly. Taken together, these studies frame why se-
mantic enrichment matters operationally. Defensible thermal screening 
requires building’s thermo-optical attributes such as roof material to 
translate morphology into viable climate studies.

Across these research directions, The proposed pipeline is positioned 
to address the gap of missing roof material information, and the issues 
raised from previous works notably background leakage and class 
imbalance to concretely make roof material semantics both accurate, 
queryable into a standard 3DCityDB, and operational at city scale for 
UHI mitigation.

3. Methodology

3.1. Overview

Classifying roof materials from aerial imagery is on the surface 
a standard image recognition task. In practice however, it is not. It 
culminate a wide combination of difficulties that standard classification 
pipelines are not designed to absorb. Since roofs occupy only a fraction 
of any aerial tile, sharing the frame with roads, vegetation, vehicles, 
and city furniture, all of which carry textures that a classifier can 
easily confuse with roofing materials. The materials themselves are 
distributed unevenly across cities. Roof_tile and bituminous surfaces 
(i.e.tar_paper and concrete) dominate, while metal, and glass roofs 
appear far less frequently. Since, aerial imagery offers only a 3 channel 
RGB view, visually similar materials under different lighting or weath-
ering conditions can be nearly indistinguishable even to the naked 
eye.

These difficulties concentrate into two dominant failure modes that 
recur across prior work. The first, context confusion, where models 
trained on mixed tiles learn to recognize ‘urban fabric’ rather than 
‘roof material’. The second is class imbalance where rare materials are 
statistically overwhelmed by common ones, and their visual diversity 
makes them hard to learn. Both failures degrade not only classification 
accuracy but also every downstream analysis that depends on it, most 
acutely UHI screening, where misclassifying a reflective metal roof 
as a heat absorbing tile roof directly distorts the predicted surface 
temperature.

This proposed pipeline is organized around addressing these two 
failures at their source, rather than compensating for them further 
downstream. Context confusion is eliminated at ingestion. OpenStreet-
5 
Map (OSM) building footprints are used to remove irrelevant pixels 
or non building pixels before the classifier ever sees the image. Class 
imbalance is addressed at the data level, through aggressive oversam-
pling of under represented material classes, so that minority classes 
gain enough per epoch exposure to be learned without the need for 
loss reweighting or architectural changes.

The workflow illustrated in Fig.  2 shows how to leverage aerial 
images that are partitioned into tiles from state provided dop20 or-
thophotos, combined with footprints from each building from OSM, and 
rasterized into one single roof mask per building to create a dataset 
ready for training. This process helps to mask any noise at the source 
(non-building pixels set to black), improving the receptive field of the 
learning model and producing the support region used both in training 
and inference. Afterwards, this cleaned input is processed by a YOLO-
CLS image classifier trained on a five way material label. The aggressive 
oversampling employed to balance minority classes is set to 12,000 
samples each. This choice deliberately prioritizes recall on critical but 
rare classes like glass and metal, and accepting a slight performance 
draw back on moderately represented classes like tar_paper. Our ab-
lation studies in Section 4 validate this engineering decision where 
accuracy gains is noticed on minority classes. However, this aggressive 
oversampling comes at a cost. The confusion between texturally similar 
classes increases. Nevertheless, this confusion have a very low impact 
UHI screenings results. This is discussed further in Section 5.

Classification performance is evaluated at the image level using Top-
1 accuracy, balanced accuracy, macro F1, per-class precision, recall, 
and F1, complemented by a normalized confusion matrix and an Ex-
pected Calibration Error analysis. Predictions are then written back 
into the 3D city repository as per-building attributes, enabling large-
area semantic enrichment. These attributes are then used in the UHI 
screening, by identifying which roofs are eligible for greening and 
estimating the LST changes alongside the cooling effect of greening 
interventions

The guiding logic throughout is to correct the dominant error at 
its source rather than addressing it with more model capacity or 
expensive data collection. A decently sized dataset of 87,605 build-
ings, combined with masking and aggressive oversampling, produces 
substantially cleaner predictions than a larger but contextually noisy 
training regime would, and as Section 4 shows, those cleaner predic-
tions propagate directly into more reliable baseline LST estimates and 
more defensible greening deltas.

3.2. Data collection

Each training and inference patch in our pipeline contains exactly 
one building. High resolution orthophotos are fetched via Web Map 
Service (WMS) across more than ten German cities at a ground sam-
pling distance of 20 cm, extracted as 512 by 512 px patches sized to 
the YOLO classifier input. Building footprints are retrieved from OSM 
as described in Section 3.3. For every candidate building, we extract a 
roof only support region by masking non building pixels to black, so 
that the resulting patch carries a single roof as its only visual signal. 
The learning task is therefore strictly image level, with one label per 
masked tile.

The resulting dataset, summarized in Table  1 spans as mentioned 
87,605 masked buildings. The class distribution is heavily skewed, but 
the signal is cleaner because each image carries a single roof, not a 
mixture of roofs, roads, trees, and façades.

3.3. Background suppression

Detector-first pipelines often attribute misses to ‘‘background’’. Tiles 
dominated by roads, trees, or façades nudge predictions toward back-
ground or dark bituminous classes. In our context, footprints serve as 
a geometric prior to remove non-roof context before learning. For each 
georeferenced image in the training data, the footprints of all buildings 
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Fig. 2. Overview of the pipeline methodology used for classification, integration into CityGML and urban heat island analysis.
Table 1
Targeted classes and their respective distribution in the dataset.
 Class Train Val Test Total  
 concrete 959 119 121 1199  
 glass 472 59 59 590  
 metal 1448 181 181 1810  
 tar_paper 4089 511 512 5112  
 roof_tiles 63,115 7889 7890 78,894 
 Total 70,083 8759 8763 87,605 

within the image are retrieved and reprojected to the image Coordinate 
Reference System (CRS). Each building is then processed individually to 
create one building roof per image by setting all non-building element’s 
pixels to black (RGB = 0), that is, 
𝐼 = 𝑀 ⊙ 𝐼 (1)

where:

• 𝐼 ∈ R𝐻×𝑊 ×3 is the original RGB image.
• 𝑀 ∈ {0, 1}𝐻×𝑊  is the binary roof mask.
• ⊙ denotes element-wise multiplication between the roof mask and 
the aerial image.

Equivalently, the output image can be written element-wise as:

𝐼𝐻,𝑊 ,𝐶 =

{

𝐼𝐻,𝑊 ,𝐶 , if 𝑀𝐻,𝑊 = 1
0, if 𝑀𝐻,𝑊 = 0

(2)

This masking step removes non-building context, which has been 
shown to improve class separability and classification accuracy without 
requiring substantial changes to the model’s architecture (Ilehag et al., 
2018; Kim et al., 2021; Krówczyńska et al., 2020).
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However, the most noticeable concern regarding this masking strat-
egy is its dependency on footprint quality. Positional errors in OSM 
footprints can shift the mask relative to the actual roof boundary, 
letting non-roof pixels into the support region or clipping roof edges, 
which propagates into the training data as a form of geometric label 
noise. This concern is well-documented for the specific data combina-
tion used by Fan et al. (2014) to systematically compare OSM building 
footprints in Germany against the authoritative ALKIS cadastre, and 
quantified the positional and completeness discrepancies between the 
two.

On the other side, Cordeiro and Carneiro (2020) provided a com-
prehensive survey of training under noisy labels, and showing that 
well-designed pipelines can be made robust to moderate noise levels 
even when individual annotations are imperfect. In our pipeline, the 
choice of OSM as the training footprint source is a deliberate trade-off 
informed by these findings: OSM introduces some positional noise, but 
its global coverage enables assembly and annotation of a substantially 
larger and more diverse training dataset than would be possible from 
authoritative cadastres alone. At inference time, the use of CityGML 
as a footprint provider however limits the practical impact of OSM 
positional error on the predicted labels. This choice is discussed in 
detail in both Sections 3.5 and 5

3.4. Classifier choice and imbalance handling

The pipeline leverages the YOLO11l-cls image classifier on a five-
way label space (concrete, glass, metal, tar_paper, roof_tiles), keeping 
training and deployment strictly on image-level. In each sample, a 
single building roof is visible and all non-building pixels are set to 
black, so the network learns material cues from the roof surface rather 
than surrounding context.

Optimization follows the classifier’s default schedule with a stan-
dard cross-entropy objective. The training proceeds for 100 epochs with 
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mini-batches of 32 image, and oversampling under-represented classes 
reaches 12,000 images. The target of 12,000 samples per class was 
chosen to match the size of the largest minority class multiplied by 
a factor of three. Lower values degraded evaluation accuracy, while 
higher values biased the model toward the oversampled classes and led 
to overfitting

Oversampling aggressively in this way is a trade off between mi-
nority class representation and intra-class accuracy. However, it can 
be very effective because it operates at the data level, it increases 
the prevalence of minority classes per epoch without modifying the 
loss. The added exposure improved minority recall. Oversampling is 
applied to the training split only, validation and test are kept at natural 
frequencies, and light augmentation is used to reduce overfitting to 
duplicated samples. Since oversampling changes the effective class 
prior, it helps significantly with per class accuracy.

Alternative strategies for handling class imbalance, such as class-
weighted cross-entropy, were tested and compared in this study. Over-
all, the oversampling approach was chosen for its simplicity and be-
cause it operates at the data level without modifying the loss function or 
requiring architectural changes. Moreover, it yields significantly better 
results as discussed in detail in Section 4.

The design described so far has one inherent limitation, where a roof 
is composed of multiple material patches. Since our model is not a ob-
ject detector, it can only classify the material of the roof as one instance 
per image. This is due to 2 main reasons: First, because training exposed 
the model to only one roof per image with a single material label as 
ground truth, and second, because YOLO-CLS predicts a single class per 
image by design. This limitation motivated the solution presented in 
Section

3.5. Inference and multi-material classification

The classifier described above assigns exactly one material label 
per image, which means that roofs composed of multiple materials are 
reduced to whichever class dominates the prediction. To address this, 
a deterministic, class agnostic inference pipeline was developed that 
produces multiple material labels per building from masked roof chips. 
Without changing the pipeline, each input chip is a georeferenced 
image where non roof pixels are blacked out, and no additional training 
or external segmentation is required.

To reliably identify non dominant materials, the default roof class 
prediction is first obtained, and then refined by sweeping a sliding grid 
to classify local patches, creating per pixel class and confidence maps 
where the highest confidence is kept. The sliding window operates at a 
tile size of 192 px with a stride of 96 px, padded by 32 px at the borders 
to provide context. A patch contributes to the per-pixel material map 
only when at least 55% of its area falls within the building footprint, 
which prevents windows straddling the roof boundary from injecting 
non-roof signal into the prediction. Non-default materials (i.e. non 
dominant materials which occupies a smaller areas of the roof) are 
retained when their computed confidence exceeds 0.6. The choice of 
this value is established in detail in Section 4. This latter illustrate that 
predictions below the desired accuracy, while predictions at or above 
0.6 enter the regime where the model’s stated confidence becomes a 
reliable proxy for accuracy. Fig.  3 shows a prime example where the 
original classification predicted metal as the dominant material, but 
after the multi-material step it was able to detect 2 different segment of 
materials, the first being metal with a confidence of 0.98 and roof_tiles
with a confidence of 0.6. This design’s strength relies on its retrain free 
nature, and its capability to produces concise building level labels.

While OSM is used to label the training data and guide the masking 
process, inference is driven entirely by CityGML footprints because 
they are geometrically more accurate than their OSM counterparts 
and they carry stable, persistent object identifiers (GMLIDs) that are 
maintained across dataset versions by the official mapping agencies. 
This persistence is important for enrichment workflows, as predictions 
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Fig. 3. Highlight of the difference between normal classifier and the tweaked 
sub-pixel classifier.

that are tied to a GMLID remain associated with the same physical 
building, even when the underlying CityGML dataset has been updated, 
which is not guaranteed for OSM identifiers that change with each 
contributor edit. As a result, CityGML enables straightforward enrich-
ment without the need for a footprint matching process such as the one 
used by Arzoumanidis, Nguyen et al. (2025), eliminating the spatial 
uncertainty that would arise from matching OSM-derived bounding 
boxes to CityGML buildings.

The footprint guided masking approach proposed in this paper only 
suppresses non-building context (e.g., roads, vegetation, vehicles), and 
any occlusions on roof level such as chimneys, rooftop equipment, 
and solar panels remain visible within the masked region and are 
processed by the classifier as if they were part of the roof surface. In 
most cases, this does not cause any misclassifications, since most of 
these objects occupy a small fraction of the roof area and are absorbed 
into the dominant material prediction without measurably affecting 
accuracy. However, these occlusions may trigger a secondary material 
prediction, particularly on roofs with large equipment and installations. 
For example, a roof made of roof_tile with a chimney made of concrete
would either be classified completely as roof_tile or a mix of roof_tile and
concrete if the chimney has a coverage area big enough to be flagged 
as a secondary material.

For inference, Fig.  4 shows a fully CityGML driven, masked first 
pipeline at city scale. The starting point is building footprints exported 
from the CityGML stack as a GeoJSON in the CRS EPSG:25832. For 
each orthophoto tile, the overlapping footprints are selected, each 
footprint is rasterized to a binary roof mask aligned with the image 
grid, and all non roof pixels inside a tight bounding window around 
the mask are zeroed out as described in Section 3.3. Finally, for every 
building footprint, the predicted material is written in the GeoJSON 
properties while keeping the original CityGML ground surface polygons 
unchanged.

3.6. Enriching semantic 3D city models

CityGML is an OGC-standardized data model and exchange format 
developed to support the representation and transfer of the majority 
of 3D urban and landscape features. Unlike other 3D city modeling 
paradigms that prioritize visual realism, CityGML integrates geometric, 
topological, and appearance information with rich semantic informa-
tion of city objects. This combination facilitates the development of 
robust, general-purpose semantic 3D city models, which have been 
broadly adopted across numerous application areas (Kolbe et al., 2008; 
Schwab et al., 2020; Willenborg et al., 2017). The most recent version 
of the standard, CityGML 3.0, was released by the OGC between 2021 
and 2023 (Kolbe et al., 2021; Kutzner et al., 2023). In this work, we 
apply both CityGML 2.0 and 3.0.

In real-world scenarios, applications rarely rely on general-purpose 
CityGML datasets in their native text-based form. Rather, these datasets 
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Fig. 4. Masked-first inference pipeline 3D city model enrichment.
are typically further parsed and converted into application-specific 
representations that support more efficient storage, querying, and anal-
ysis. Such derived models often adopt either graph-based structures 
(Nguyen, 2024; Nguyen & Kolbe, 2024) or relational database schemas 
(Yao et al., 2018).

In Germany, LoD2 CityGML building models are produced by state 
mapping agencies from cadastral building footprints and reconstructed 
using airborne laser scanning point clouds. Each Building object typi-
cally has one GroundSurface, multiple WallSurface objects, and one or 
more RoofSurface objects. In CityGML, a simple gabled roof may be 
represented by two RoofSurface polygons, while complex roofs with 
dormers or mixed pitches may be composed of considerably more. 
This subdivision is geometric and does not always align with material 
boundaries, and matching the material with the RoofSurface is proven 
difficult since our machine learning based model is only a classifier is 
not a detector. This is why the material classification in this work is 
performed at the Building level rather than per RoofSurface. Assigning 
material to each RoofSurface requires additional logic to associate the 
material pixels and map them with individual RoofSurface geometries, 
which is not currently supported and is identified as a direction for 
future work.

Since the advent of Structured Query Language (SQL), Relational 
Database Management Systems (RDBMSs) have been widely adopted 
across numerous domains. In a typical relational database, data is 
organized into tables consisting of rows and columns, and semantic 
relationships among entities, such as those between city objects, are 
maintained through primary–foreign key associations that link tables 
together as illustrated in Fig.  5. Many widely used RDBMSs, including 
Oracle and PostgreSQL, provide native support for XML and GML data 
and can therefore store CityGML objects given a predefined schema. 
Spatial extensions, most notably PostGIS for PostgreSQL, further enable 
the handling of the rich spatial information embedded in the CityGML 
data model. One of the most popular solutions in this domain is the 
3D City Database (3DCityDB) (Yao et al., 2018), an open source, high-
performance, spatially enhanced database system designed specifically 
for managing, visualizing, and exporting large scale CityGML datasets.

As of May 2025, the 3DCityDB has been released in its latest 
major version, 5.0, which provides full support for CityGML 3.0 and 
introduces a thoroughly redesigned and simplified database schema. 
Given the maturity of the 3DCityDB software suite1 and the improved 
functionalities offered in this new release, we adopt version 5.0 and its 

1 https://github.com/3dcitydb.
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Fig. 5. An excerpt of the enriched tables feature and property and their 
relationship for the Hamburg dataset.

associated utilities citydb-tool2 to store, enrich, and export our CityGML 
test datasets.

The updated 3DCityDB schema citydb adopts a simplified design: 
all feature types (for example, buildings) are stored in a single table 
named feature, while most thematic attributes are captured via a central 
table named property (see Fig.  5). Because the CityGML data model 
does not include a dedicated attribute for roof materials, we store 
the predicted roof materials for each building using the concept of 
generic string attributes permitted by the CityGML data model. Fig.  6 
shows an excerpt of the CityGML 3.0 UML class diagram illustrating the 
relationship between the class Building and its generic string attributes. 
The following example illustrates how such attributes can be integrated 
into CityGML 3.0 for each building:
<genericAttribute>

<gen:StringAttribute>
<gen:name>PredictedRoofMaterial</gen:name>
<gen:value>roof_tiles</gen:value>

</gen:StringAttribute>
</genericAttribute>

The predicted building roof materials are integrated into the 3DCi-
tyDB v5.0 instance of the test CityGML dataset of Hamburg as follows:

1. For each building GMLID in the CityGML dataset, retrieve the 
corresponding predicted roof material from the GeoJSON file 
generated in the previous step.

2 https://docs.3dcitydb.org/latest/citydb-tool.

https://github.com/3dcitydb
https://docs.3dcitydb.org/latest/citydb-tool
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Fig. 6. Excerpt UML class diagram in CityGML 3.0 showing generic string attributes as properties of Building objects, inherited from the abstract class
AbstractCityObject. For simplicity, class stereotypes and package namespaces are omitted.
Source: Adapted from Kolbe et al. (2021).
2. Using the building GMLID, join the tables feature and property
and assign a generic string attribute PredictedRoofMaterial to the 
building.

Aligning per-pixel predictions with individual RoofSurface objects 
remains a challenging problem at this stage, since the building footprint 
often encompasses multiple roof patches whose boundaries cannot be 
reliably matched to image-derived material distributions. The multi-
material inference itself also carries residual noise, particularly along 
boundary regions and on roofs with substantial occlusions. The dom-
inant material per building is therefore used as the target for enrich-
ment, and each CityGML building is assigned at most one predicted roof 
material. The following SQL statement is used to insert a generic string 
attribute PredictedRoofMaterial for a specific building into the database:
INSERT INTO citydb.property(feature_id,

datatype_id, namespace_id, name, val_string)
-- val_string can be ’concrete’, ’metal’,

’glass’, ’roof_tiles’, or ’tar_paper’
VALUES (id, 5, 3, ’PredictedRoofMaterial’,

’roof_tiles’);

The table property is defined within the citydb schema. Each prop-
erty is linked to its corresponding building through feature_id, which 
refers to a GMLID stored in the table feature within the same schema, as 
illustrated in Fig.  5. For a generic string attribute in 3DCityDB version 
5.0, the values of datatype_id and namespace_id are set to 5 and 3, 
respectively. The enriched city model can then be exported to both 
CityGML 2.0 and 3.0 using the 3DCityDB utilities citydb-tool.

3.7. Urban heat island analysis

Urban heat island screening treats surface overheating as a scene 
specific prediction problem grounded in satellite thermography, where 
land surface temperature is modeled from physically interpretable pre-
dictors that capture vegetation, built form, and surface radiative prop-
erties. Landsat-8 Level-2 products are utilized, which provide atmo-
spherically corrected surface reflectance and temperature, to evaluate 
the potential thermal benefits of green roof retrofitting and estimate 
the LST change throughout different thermal scenarios. The Normalized 
Difference Vegetation Index (NDVI), broadband albedo, and the Nor-
malized Difference Built-up Index (NDBI) are computed as dominant 
determinants of urban LST. NDVI quantifies vegetation greenness by 
contrasting red light absorption with near infrared reflectance, NDBI 
highlights built-up structures due to the high reflectance of impervious 
materials in the shortwave infrared, and albedo represents broadband 
surface reflectance, a key determinant of radiative heating. The selec-
tion of these specific indices follows recent remote sensing studies that 
demonstrated the predictive strength of these indices for LST estimation 
in urban settings (Joshi et al., 2023; Mansourmoghaddam et al., 2024; 
Sánchez-Cordero et al., 2025; Seeberg et al., 2022).

Adapting the counterfactual intervention simulation logic of Cal-
houn et al. (2024), altering predictor pixel values at a location of 
interest and comparing model outputs before and after. Rooftop NDVI, 
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NDBI, and albedo are modified to reflect hypothetical greening, and 
LST is re-predicted with a random forest regressor trained on the 
baseline scene. In this context, the predicted roof material serves as the 
semantic filter that determines which roofs are eligible for greening. 
Roofs classified as concrete and tar_paper were chosen as the primary 
host of greening  because these two materials are structurally and 
functionally the most amenable to green roof retrofit. Concrete offers 
the load bearing capacity needed to support greening, while tar_paper
surfaces already provide a waterproofing membrane that is compatible 
with standard green roof assemblies. metal and glass, by contrast, are 
challenging to greening because of load transfer, thermal expansion, 
and pollutant leaching, which make them poor candidates for vege-
tation (Cascone, 2019; Castleton et al., 2010; Forschungsgesellschaft 
Landschaftsentwicklung Landschaftsbau e.V. (FLL), 2018).

In addition to this material filtering, a geometric eligibility check 
is also applied. Roof slope is computed directly from the LoD2 Roof-
Surface geometries of the CityGML dataset. Consequently roofs with a 
slope greater than 15 degrees are excluded from the greening simula-
tion, in line with the Hamburg Green Roof Guideline (Hamburgische 
Investitions- und Förderbank (IFB Hamburg), 2024), which identifies 
this threshold as the limit above which extensive green roof installation 
requires special structural reinforcement and incurs significantly higher 
construction and maintenance costs (cf. Fig.  7)

For Madrid and Paris, roof slope is not an actual breaking criteria, 
it determines whether a green roof can be installed with a standard 
assembly or whether slope stabilization measures become necessary. 
At or below 20 percent grade, which corresponds to 11.31 degrees, no 
slope stabilization provision is required, and this is the limit set by the 
French professional rules for green roofs (Adivet et al., 2018) for Paris 
and by the Spanish NTJ 11C standard (Fundació de la Jardineria i el 
Paisatge, 2012) for Madrid. Between this value and 30 degrees, a green 
roof remains feasible but requires anti shear protection, and above 30 
degrees a separate structural analysis becomes necessary. The screening 
is therefore reported under two scenarios in Section 4. For both these 
cities outside of Germany, where city scale CityGML is not distributed, 
slope is derived from openly available national LiDAR surface models, 
the IGN LiDAR HD surface model at 0.5 m resolution for Paris and the 
PNOA LiDAR surface model at 2 m resolution for Madrid.

Following the green eligible filtering, and for each cloud free scene, 
the Landsat-8 surface reflectance and thermal products are ingested. To 
characterize the surface properties, three key spectral parameters are 
computed using the shortwave integration method proposed by Liang 
(2001). The same integration method has been applied successfully 
in prior LST estimation work (Mansourmoghaddam et al., 2024) and 
yielded good results in their case. These indices rely on reflectance from 
specific Landsat-8 Operational Land Imager (OLI) bands, each capturing 
energy from a distinct region of the electromagnetic spectrum:

• The Blue band (2, 0.45–0.51 μm) is sensitive to atmospheric 
scattering and water detection.

• The Red band (4, 0.64–0.67 μm) strongly absorbed by chlorophyll 
and therefore useful for vegetation discrimination.
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Fig. 7. UHI screening pipeline, from data preparation to greening effect visualization on LST.
• The Near-Infrared (NIR) band (5, 0.85–0.88 μm) highly reflective 
in healthy vegetation.

• The Shortwave Infrared 1 (SWIR1) band (6, 1.57–1.65 μm) is 
responsive to soil and vegetation moisture.

• The Shortwave Infrared 2 (SWIR2) band (7, 2.11–2.29 μm) is 
effective for differentiating built-up and dry surfaces.

Using these bands, the spectral indices are then computed as fol-
lows:

NDVI =
𝜌𝑁𝐼𝑅 − 𝜌𝑅𝑒𝑑
𝜌𝑁𝐼𝑅 + 𝜌𝑅𝑒𝑑

(3)

NDBI =
𝜌𝑆𝑊 𝐼𝑅1 − 𝜌𝑁𝐼𝑅
𝜌𝑆𝑊 𝐼𝑅1 + 𝜌𝑁𝐼𝑅

(4)

Albedo = 0.356𝜌𝐵𝑙𝑢𝑒 + 0.130𝜌𝑅𝑒𝑑 + 0.373𝜌𝑁𝐼𝑅 + 0.085𝜌𝑆𝑊 𝐼𝑅1

+ 0.072𝜌𝑆𝑊 𝐼𝑅2 − 0.0018 (5)

where 𝜌 represents the surface reflectance of the respective Landsat-
8 bands. In the simulated greening workflow illustrated in Fig.  7, 
modifying a rooftop pixel corresponds to assigning it spectral values 
(NDVI, albedo, NDBI) that match the radiometric signature of a typical 
green roof.

Afterwards, a Random Forest regressor is trained to learn the local 
radiative context, using these parameters as predictors and the ob-
served LST as the response variable. The Random Forest algorithm is se-
lected for its robustness in satellite based UHI prediction and its ability 
to model non linear spectral thermal relationships without parametric 
assumptions. This specific workflow has been previously validated for 
green roof assessment by Joshi et al. (2023) and Sánchez-Cordero et al. 
(2025).

To ensure the screening results reflects realistic green roof perfor-
mance, a set of target spectral values are derived from existing green 
infrastructure, using OSM footprints to extract all green buildings and 
compute the average spectral parameters. The screening targets are set 
as follows: an NDVI of 0.5099, an NDBI of −0.1531, and an albedo of 
0.1436.

With the baseline model established, counterfactual greening sce-
narios are generated. A sub pixel mixing approach is employed to 
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account for the spatial resolution of Landsat-8 (approximately 30m) 
relative to building footprints. The fraction of each pixel covered by the 
target roof materials is calculated. The trained Random Forest predicts 
the scenario LST, and the delta between the scenario prediction and the 
baseline prediction is calculated. The resulting per pixel temperature 
deltas, aggregated to both building and city scale, are presented in 
Section 4.

4. Experimental results

To evaluate the robustness of the roof material classifier, a nor-
malized confusion matrix (Fig.  8(c)), together with Top-1 and Top-5 
accuracy curves (Fig.  9(b)) are computed and analyzed jointly to assess 
not only classification accuracy but also how model confidence evolves 
over training. Over 100 epochs the network moves steadily into a 
highly decisive regime: Top-1 accuracy rises to approximately 96.2%, 
while Top-5 accuracy remains essentially 1.00 throughout training and 
validation, meaning that the correct label is virtually always among the 
top five predictions.

Fig.  9(b) demonstrate that training cross-entropy decreases mono-
tonically as the optimizer continues to shape a boundary that separates 
the classes on the training distribution. Validation cross-entropy, in 
contrast, follows a pronounced U-shape and drops early to roughly 
0.145 and then drifts upward toward 0.20–0.21, even as Top-1 accuracy 
continues to improve. This apparent paradox is called logit sharpening 
and it means that the model becomes too confident in its predictions, 
even when it is wrong. In this dataset, the effect is caused by class 
imbalance and amplified by the aggressive oversampling applied during 
training, as well as by genuine borderline texture similarities, most 
dominantly apparent between metal and roof_tiles or between tar_paper
and concrete, which explains why Top-5 saturates early while Top-1 
keeps inching upward as confidence is reweighted among an already 
correct ranking.

To broaden the evaluation scope, the model performance has also 
been evaluated using a broader set of metrics such as balanced ac-
curacy, recall, F1 and per-class precision. The results are summarized 
in Table  2. As highlighted above, the Top-1 accuracy of 95.1% reflects 
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Table 2
Per-class classification metrics on the test set (8763 samples).
 Class Precision Recall F1 Support 
 concrete 0.644 0.463 0.538 121  
 glass 0.594 0.644 0.618 59  
 metal 0.478 0.470 0.474 181  
 roof_tiles 0.986 0.983 0.984 7890  
 tar_paper 0.698 0.768 0.731 512  
 Macro avg 0.680 0.665 0.669 8763  

the dominance of the roof_tiles class, which constitutes the majority 
of the test set and is recognized with both precision and recall above 
0.98. Balanced accuracy and macro F1, which weight all classes equally 
regardless of support, fall to 0.665 and 0.669 respectively. Tar_paper
achieves the second strongest per-class F1 at 0.731, followed by glass
at 0.618 and concrete at 0.538. However, Metal remains the most 
challenging class with an F1 of 0.474 because of its visual similarity 
to the most dominant class roof_tiles.

Moreover, to better quantify the model’s performance, the calibra-
tion analysis was issued to measure whether the model’s confidence 
scores reflect actual accuracy. This index is particularly useful because 
it shows that the reported confidences stay within roughly three per-
centage points of true accuracy. The reliability diagram (Fig.  9(a)) 
shows slight overconfidence in the mid-range bins (0.4–0.8), but the 
highest confidence bin tracks closely with actual accuracy where most 
test predictions fall. This is relevant to the multi-material inference step 
in Section 3.5. In that step, the confidence threshold was set to 0.6, and 
the calibration evidence supports the choice of a relatively strict cutoff 
rather than treating all predictions as equally trustworthy.

To isolate and assess the contribution of each class imbalance 
handling strategies, an ablation was conducted on the test split of Table 
1 under identical setup as the primary training. Three configurations 
are compared:

• Masking only baseline, where the classifier is trained on footprint 
masked tiles at the natural class frequencies of Table  1.

• Masking combined with class-weighted cross-entropy, where the 
per-class weights are set inversely proportional to the training 
support.

• Masking with aggressive oversampling to 12,000 training images 
per minority class.

Fig.  8 reports the normalized confusion matrices for the three 
configurations. On the baseline masking only approach (Fig.  8(a)), 
the biggest issue noticed is the absorption of minority classes by the 
dominant class roof_tile. The confusion of roof_tile with the minority 
classes metal and glass indicate that nearly half of the glass and metal 
evidence is collapsed onto the majority class. The diagonal yields per-
class recall of 0.32 for concrete, 0.42 for glass, 0.28 for metal, 0.99 for
roof_tile, and 0.73 for tar_paper, with a macro recall of 0.548.

Class weighted cross entropy however, changes the optimization 
signal without altering the data distribution. Illustrated in Fig.  8(b),
glass benefits the most with a recall of 0.53, and tar_paper and roof_tile
are essentially preserved. Concrete and metal show no meaningful im-
provement, and the confusions of minority class and roof_tile and glass
still persist. The macro-recall reaches 0.564, which is only 0.016 above 
the baseline. Re-weighting the loss therefore proves insufficient on its 
own to overcome the imbalance induced by the dominance of roof_tile
in the training distribution.

The oversampling configuration proposed in this paper improves 
per-class recall on every minority class simultaneously, reaching 0.52 
for concrete, 0.58 for glass, 0.49 for metal, and 0.83 for tar_paper, while
roof_tile preserving its accuracy as is expected. The off diagonal mass 
also redistributes in a structurally meaningful way: leakage into roof_tile
is reduced for every minority class and the concrete and tar_paper con-
fusion drops from 0.43 to 0.22. The full confusion matrix is illustrated 
in Fig.  8(c)
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To sum up, the ablation supports the interpretation that the gains 
reported throughout this paper reflect the joint contribution of masking 
and oversampling rather than either component in isolation. Masking 
removes the urban context that would otherwise dilute the discrim-
inative signal for roofing materials, and oversampling ensures that 
minority class evidence is seen sufficiently often during training to be 
learned.

Beyond classification metrics, the pipeline produces ready-to-use 
geospatial outputs. Each building footprint is exported with its pre-
dicted roof material attributes attached, eliminating any extra post-
processing before CityGML integration. For each roof, per-pixel pre-
dictions are summarized into material coverage fractions (percentage 
of roof pixels per class), all materials above a small coverage threshold 
are kept, and they are sorted in descending order. The GeoJSON output 
therefore contains one polygon geometry per roof that matches the 
CityGML footprint and carries the same GMLID together with a list 
of predicted roof material IDs and their coverage values. Importantly, 
each building is represented as a single polygon rather than as separate 
geometries per material class. The matched CityGML building is then 
enriched with the dominant material, practically the one with the 
highest coverage fraction, from the list of material in the GeoJSON file, 
this material is then written as a per-Building generic attribute, for the 
data modeling reasons discussed in Section 5.

This design deliberately combines geometry (one roof polygon 
in EPSG:25832) with semantics (potentially multiple materials). This 
makes the output natively compatible with CityGML enrichment work-
flows that expect a single geometry per building but allow multiple 
categorical attributes (cf. Fig.  3). Taken together, the learning curves, 
F1 score, recall, confusion matrices, Top-1 and Top-5 accuracy confirm 
that the model is practical and well calibrated, and operational for 
downstream UHI screenings.

The semantic enrichment of roof materials is applied to the CityGML 
2.0 LoD2 dataset for Hamburg (publicly available3), covering 194,799 
of the city’s 388,267 registered buildings. This subset is due to two main 
reasons:

• Operationally, Hamburg’s green-roof funding requires a minimum 
vegetated area of at least 20m2, so roofs smaller than 15m2 are 
excluded from the UHI screening (Hamburgische Investitions- und 
Förderbank (IFB Hamburg), 2024).

• Technically, the 30 m Landsat pixel means that a roof smaller 
than 15m2 adds negligible signal to LST modeling (USGS EROS, 
2018).

Together these criteria remove noise without sacrificing planning rel-
evance. The dataset spans roughly 120 km by 60 km, and none of the 
buildings contained roof material attributes prior to enrichment.

After completing the prediction and enrichment process, a total of 
194,799 buildings were assigned a roof material. Among these, 108,682 
buildings (56%) were predicted to have roof_tile, 51,564 (26%) to have
tar_paper roofs, 23,101 (12%) to have concrete roofs, 8784 (4%) to 
have metal roofs, and 3264 (2%) to have glass roofs. A color coded 
3D visualization of these buildings within a representative district is 
presented in the top left panel of Fig.  1.

For UHI screening, the methodology detailed in Section 3.7 is 
applied at roof scale in 3 distinct cities. For Hamburg, the plotted for 
the before and after greening highlighted in Fig.  10 show consistent 
cooling around green roof complexes, with the strongest temperature 
reductions over industrial blocks and dense inner-city districts where 
impervious fractions are highest. In contrast, predominantly sloped 
roof areas dominated by glass and metal show the highest surface 
temperatures because of their low thermal mass and high reflectance, 

3 https://suche.transparenz.hamburg.de/dataset/3d-gebaeudemodell-lod2-
de-hamburg2.

https://suche.transparenz.hamburg.de/dataset/3d-gebaeudemodell-lod2-de-hamburg2
https://suche.transparenz.hamburg.de/dataset/3d-gebaeudemodell-lod2-de-hamburg2
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(a) Confusion matrix of the per-class ac-
curacy on the test set of the trained model 
with no class imbalance handling approach 
applied.

  
(b) Confusion matrix of the per-class ac-
curacy on the test set of the trained model 
with class weighted cross-entropy.

  
(c) Confusion matrix of the per-class ac-
curacy on the test set of the trained model 
with oversampling of minority classes.

 

Fig. 8. Confusion matrix on the test set of 8763 instances on the baseline and two class imbalance handling approaches.
 
(a) Reliability diagram with an expected calibration 
error of approximately 0.03.

  
(b) Training and validation loss alongside Top-1 accu-
racy across 100 epochs.

 

Fig. 9. Classification performance indicators of the masked-first classifier with oversampling approach.
which concentrates radiative heat at the surface rather than dissipat-
ing it. The spatial pattern is highly encouraging, as cooling effect is 
visually noticeable around segments that contain green-eligible roofs, 
this reflects the importance of greening and its wide impact on heat 
mitigation. Aggregating these per-pixel differences to the city extent 
reveals that this targeted intervention is climatically beneficial. On the 
hottest day of the year, the full greening scenario yields an average 
LST reduction of approximately 0.83 K over all roofs in the entire 
city of Hamburg, and average cooling for greened buildings of 1.36 
K. Interpreted as a mitigation measure, this suggests that greening 
structurally suitable roofs can contribute meaningfully to moderating 
projected heat extremes, while simultaneously reducing thermal load 
on the existing building stock and by extension the surrounding urban 
districts.

The UHI screening accuracy targeted in this work is directly re-
lated to the classification accuracy. However, not all classification 
errors carry equal weight. The confusion matrix (cf. Fig.  8(c)) shows 
that the two most frequent misclassifications occur between concrete
and tar_paper, and between metal and roof_tiles. From a thermo-optical 
standpoint, concrete and tar_paper share similar albedo and emissiv-
ity characteristics, both being dark, low-reflectance flat roof surfaces 
12 
(Oke et al., 2017). Confusing one for the other therefore has a neg-
ligible effect on the estimated LST, because the spectral parameters 
assigned to either class are close in value. The confusion between
metal and roof_tiles, however, involves materials that differ substantially 
in reflectance and thermal mass, but it does not affect the greening 
simulation because neither class is considered eligible. Metal roofs pose 
structural challenges for green roof installation, and roof_tiles appear 
predominantly on gabled roofs, which are geometrically unsuitable 
for greening (Cascone, 2019; Forschungsgesellschaft Landschaftsen-
twicklung Landschaftsbau e.V. (FLL), 2018). As a result, the dominant 
misclassification pairs in this pipeline have marginal impact on the 
estimated cooling effect.

This impact of classification uncertainty on the reported cooling 
is quantified by propagation. Because the random forest regressor 
operates on scene derived spectral predictors and does not take the 
predicted material as an input, the material label influences the cooling 
estimate only through the composition of the eligible roof set. Per 
building class probability distributions were therefore propagated by 
Monte Carlo. In each of 5000 realizations a material was drawn for 
every building from its predicted class probability distribution, the 
material and slope eligibility filters were re-applied, and the area 
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Fig. 10. UHI screening results and the effect of greening roofs on per-district and overall temperature in Hamburg.
Table 3
City-wide cooling impact of green-roof candidate selection across study cities.
 City/scenario Buildings Candidates Area (ha) Cooling (K)
 Paris < 11.31◦ 106,391 8,557 591.8 0.0642
 Paris < 30◦ 106,391 34,997 1,418.1 0.1603

 Madrid < 11.31◦ 121,006 4,895 699.2 0.2283
 Madrid < 30◦ 121,006 25,644 2,030.8 0.6000

 Hamburg 194,799 59,949 3,549.0 0.8386

weighted cooling over the resulting greened candidate roofs was recom-
puted. The distribution sampled is the classifier likelihood re-weighted 
by the class priors encoding city scale material base rates, whose 
argmax reproduces the deployed dominant material assignment for 
99.8 percent of buildings. For Hamburg the area weighted cooling over 
greened candidate roofs is 1.3971 K under the deterministic labels, and 
propagation yields a mean of 1.3570 K with a 90 percent interval of 
1.3456 K to 1.3683 K, approximately 1.7 percent of the mean.

The narrowness of this interval follows from the structure of the 
confusion matrix rather than from classifier confidence. The dominant 
confusion pair, concrete against tar_paper, leaves eligibility unchanged 
because both classes are eligible, and the confusion between metal and 
roof_tiles leaves it unchanged because neither class is eligible. Label un-
certainty reaches the cooling estimate only through transitions crossing 
the eligibility boundary, which are infrequent. The reported interval 
quantifies the contribution of roof material classification uncertainty 
alone; the albedo and emissivity values taken from the literature, the 
random forest regression, and the reference land surface temperature 
product each carry residual uncertainty that is not propagated jointly. 

To evaluate transferability beyond a single city, the pipeline was 
applied to two additional cities with contrasting urban morphologies 
and climatic regimes: Madrid and Paris, where greening eligibility was 
driven by OSM footprints and material classification alone, since openly 
available LoD2 CityGML datasets are not currently distributed at city 
scale for these two cities. Reference green-roof spectral parameters 
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were derived per city from existing vegetated roofs detected via OSM 
tags, producing target NDVI values of 0.4 for Paris, and 0.28 for Madrid, 
with corresponding target albedo values of 0.14, and 0.17 respectively. 
These city-specific targets reflect the contrasting baseline vegetation 
contexts of each scene rather than a single universal greening template, 
and they enter the counterfactual scenario as area-weighted means.

The screening results across the three cities are summarized in
Table  3 and visualized in Fig.  11. As highlighted in Section 3.7, green-
ing for both Madrid and Paris is not as restricted as in Hamburg. A 
slope of 30◦ is still viable for greening, even if the cost is slightly higher 
since it at that slope level the greening installation requires an anti-
slip system to keep the greening in place. Under these circumstances, 
the experiment was done on these 2 scenarios, the upper limit of 
30 degrees, which requires anti shear protection, and the standard 
assembly limit of 11.31 degrees, which requires none. Paris showcased 
the lowest heat reduction in all 3 experiments with cooling gain of 0.06 
K in the most encouraged greening scenario under 11◦ slope, and 0.16 
K on 30◦ slope. This is mainly because of its cool climate overall and 
cloudy weather, as well as, its distinct architectural urban signature, 
as most of the buildings in Paris specially in the city center are gabled 
roofs and are not eligible for greening. Madrid, however, is a suitable 
setup for greening since it is warmer overall, and is exposed to the sun a 
lot more. The LST result of this city showed an overall cooling of 0.22 
K on 11◦ installation, however on the 30◦ slope regime, the cooling 
difference becomes more noticeable with an average cooling on roofs 
of 0.6 K.

This city comparison clarifies that the magnitude of the simulated 
cooling depends as much on the urban setup and the climatic state as 
well. Paris, for example, exhibits the smallest area-weighted cooling 
among the three reported cities despite a candidate-roof area compara-
ble to Madrid. Two factors combine to this lower estimate. First, the 
central arrondissements are dominated by gabled and mansard roof 
geometries that are not eligible for greening, which leaves a smaller 
building area available and eligible for greening compared to Madrid 
or in northern German cities where flat and bituminous roofs are more 
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Fig. 11. UHI screening results and LST estimation of the effect of greening roofs on district level for Madrid and Paris.
prevalent on residential and commercial blocks. Second, the Paris scene 
was acquired at 24.4◦C with 55% relative humidity, conditions under 
which the locally trained Random Forest sees a comparatively narrow 
thermal range, LST estimates shift to the more lower and negligible 
values. Madrid, by contrast, was acquired at 33.5◦C with 22% relative 
humidity, which produces substantially more thermal headroom and 
consequently a stronger roof and city cooling responses. These results 
should not be read as a universal ranking of cooling potential between 
cities, since each value reflects a single Landsat scene per city under a 
fixed counterfactual template. They do, however, support a consistent 
14 
operational reading: greening yields the largest per-building thermal 
benefit where the baseline surface is hot, dry and impervious, and 
where the structural eligibility of the green eligible roof stock is high.

It is worth noting that the accuracy of the material classification 
model for both Paris and Madrid is low in comparison with Hamburg 
because the openly available data from OSM for training for these 
two cities were very scarce. However, the accuracy could be further 
improved if the model were to be fine tuned or retrained on more 
data, specially government data if available. Nevertheless, the aim 
of this experiment is not to claim high performance of the classifier 
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Fig. 12. Distribution correlation between roof type and roof material.

in areas in which data is scarce, but to show the actual benefit of 
greening a portion of the roofs under different climate settings and the 
reproducibility of this pipeline in cities where enough data is available.

5. Discussion

The results of this study are encouraging but also expose per-
sistent challenges in extracting roof material semantics from aerial 
imagery. Although the classifier displays strong performance, and the 
inference framework succeeds in extracting multi-material partitions 
across diverse building geometries, the pipeline remains ruled by sev-
eral strengths and weaknesses of the data. These factors define the 
operational scope within which this pipeline can be deployed at city 
scale.

A first strength lies in the generality of the approach. Since the 
method operates directly on georeferenced orthophotos, without re-
lying on city specific priors, it remains applicable to heterogeneous 
datasets, including those that vary in illumination, color calibration, or 
acquisition year. The combination of whole-image priors, grid-based lo-
cal override allows the classifier to identify secondary materials without 
retraining and without explicit boundary supervision. This proves espe-
cially advantageous in dense urban blocks, where roof complexity often 
exceeds the expressive power of single-label classifiers. The pipeline 
also preserves full spatial reference. Every mask, label, and building 
polygon is propagated through the geotransform and exported into a 
single GeoJSON file in EPSG:25832, carrying geometries, roof mate-
rial IDs, and coverage fractions for each building. This enables direct 
integration into CityGML, and once building footprints are available, 
inference becomes fully scalable.

These strengths, however, implicate several structural limitations. 
The accuracy of the masking process is fundamentally tethered to the 
availability and positional accuracy of openly available footprint data. 
Missing buildings or mismatched polygons lead to incomplete coverage 
or misalignment, which renders the enrichments and later on UHI 
screenings less accurate. Another related limitation arises from textural 
similarity confusion between metal and roof_tiles, or between concrete
and tar_paper. These textural ambiguities lead to misclassifications and 
confusion between classes, even thought the most common confusions 
are not heavily effecting the UHI screening accuracy, it is still a 
prominent issue that should be addressed in order to have the most 
accurate semantic 3D city models.

The transitions between RoofSurface objects in CityGML may also 
indicate locations where material changes are more likely to be, par-
ticularly in large building complexes where height differences sepa-
rate distinct roof sections. Leveraging this geometric prior could im-
prove multi-material inference by guiding the sliding window override 
toward structurally meaningful boundaries rather than sweeping a 
uniform grid. This is especially relevant for datasets from mapping 
agencies that produce subdivided roof geometries. Even thought this 
15 
Fig. 13. Landsat land surface temperature evaluation, over identical atmo-
spheric conditions, of a building block in Hamburg, Germany to assess the 
cooling benefits of green roofs.

integration of RoofSurface level classification into the pipeline is out of 
the scope of this paper, it is still a very promising direction for future 
work. However, this design choice will impact the scalability of the 
pipeline across different region where CityGML data is not available.

Beyond these considerations, the conversion of detected roof seg-
ments into geometries ensures that each material class can be stored 
as a spatially explicit semantic part within 3DCityDB, enabling down-
stream processes that require thermophysical information. UHI screen-
ings, for instance, rely heavily on albedo, and heat capacity values, 
all of which vary substantially across the five material classes studied. 
The ability to assign these parameters at sub-roof scale allows microcli-
mate models to move beyond coarse assumptions, and toward spatially 
resolved energy balance calculations.

Storing one dominant roof material per Building, rather than a list of 
material coverage tuples, is a deliberate simplified design. Technically, 
CityGML supports multi-material representation through nested Gener-
icAttributeSet structures, but the schema has no native tuple type, no 
ordered list, and no constraint to keep coverage values summing to one. 
Getting proper ontology level consistency would require a dedicated 
ADE, which breaks compatibility with standard 3DCityDB installs. The 
pipeline also cannot reliably assign surface level material distributions 
when a building footprint spans multiple roof patches. The choice for 
one dominant material per building was the most reproducible option 
that still works with a standard setup.

An additional dimension of the discussion emerges when the ma-
terial predictions are considered alongside the roof type information. 
Empirically, flat roofs are overwhelmingly dominated by tar-paper or 
bitumen materials, a pattern that the confusion matrices and proba-
bility distributions reflect in Fig.  12. This correlation can be exploited 
in UHI screening workflows. Wherever flat segments are detected, 
assigning tar_paper as a prior material class can accelerate large scale 
thermal parameterization when full inference is unavailable.

Yet this shortcut remains probabilistic rather than deterministic. 
Not all flat roofs are eligible for greening. Structural constraints, load-
bearing capacity, and drainage conditions vary significantly between 
concrete slabs, reinforced bitumen, and metal structures. Relying solely 
on flatness indicator for greening risks overstating the cooling potential 
and understating the heterogeneity present within flat surfaces. In the 
case of flat roofs mixed between metal and tar_paper it becomes difficult 
to apply greening, and these limitation instances are not taken into 
account when deciding based on roof type alone.

The dataset contains a substantial number of flat roofs that, if 
incorrectly deemed eligible for greening, would noticeably distort the 
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Fig. 14. Distribution of greening-eligible buildings by function in hamburg.

estimated cooling effect. If only type information is chosen as the defini-
tive condition for greening, the potential for cooling is overestimated. 
However, leveraging correlation as a prediction helper tends to bias 
the classifier toward the dominant class, potentially degrading accuracy 
for minority flat-roof materials. Thus, while roof type and material 
relationships are informative, they should be incorporated as soft priors 
rather than hard rules.

The roof type information, however, proves most valuable as an 
auditing tool. Using the correlation matrix between roof type and ma-
terial, it is possible to test whether the predicted roof is flat. Whenever 
the classifier predicts tar_paper or concrete, the roof type can be checked 
against the expected flat geometry, and if it does not match, the case 
is flagged as inconsistent with the roof type and material correlation 
matrix and not taken into consideration as a roof eligible for greening. 
This consistency check stabilizes the material fractions that feed the 
LST model, yielding more reliable and accurate UHI screenings.

The screening results carry a known bias arising from incomplete 
information on roofs that already host vegetation. Reliable records of 
existing green roofs are not widely available, and in Hamburg many 
roofs already carry vegetation. Without an attribute flagging these 
roofs, they cannot be excluded from the counterfactual scenario or 
down weighted within it. Because the scenario drives rooftop NDVI 
toward a reference derived from existing vegetated roofs, a roof already 
greener and cooler than that reference is perturbed toward a warmer 
state and returns an apparent warming. Such an outcome represents 
the inverse of the intervention, since the modeled change would re-
move vegetation rather than add it. These buildings fall outside the 
intervention being simulated, and their contribution is therefore set 
to zero rather than entering the aggregate as negative cooling. This 
keeps the aggregate consistent with the intervention it represents, but 
the remaining greening potential of those roofs is unresolved, so the 
reported cooling is conservative with respect to this group. Within these 
bounds the direction of the result is robust: systematic deployment 
of comparable greening measures at city scale would lower surface 
temperatures across the eligible roof stock, with associated reductions 
in cooling energy demand and, indirectly, greenhouse gas emissions, 
although the magnitude is conditional on the scenario assumptions and 
the single Landsat scene.

In that direction, a small qualitative study was conducted to assess 
the actual benefit of greening in a real life setting. Fig.  13 shows 
the per-roof Landsat LST values, extracted from the same Landsat 
scene used in the Hamburg screening, for multiple buildings. The 
vegetated roofs at the bottom of the panel, have the lowest LST values 
of 38.34◦C, 38.82◦C and 39.68◦C, and the bituminous and concrete 
roofs above, have LST values ranging from 39.77◦C to 42.6◦C. What 
is straightforward and obvious is that the greened roof has the lowest 
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LST in all of the buildings, with a mean cool offset of approximately 
1.8 K. However, what is also interesting is how this green roof affects 
neighboring building temperatures. This is represented by the hue of 
green around the building. This shows the practical effect of greening 
and its potential on reducing the overall temperature on larger scales 
than only the roof in question.

However, the screening has not been validated against field mea-
sured roof level thermal observations. Repeated approaches to the 
relevant data providers did not yield roof level microclimate or thermal 
reference data. The absolute magnitudes reported here are therefore 
conditional scenario outputs rather than validated predictions, and they 
should be interpreted comparatively. Independent validation against 
field measured roof level data remains a prerequisite for operational 
use of the absolute values and a direction for future work.

Drifting the discussion from the real value and advantages of green-
ing, another important thread that can support planning decisions 
further is a breakdown of greening-eligible buildings by function (res-
idential, commercial, industrial, schools and hospitals). This vital in-
formation gathered from our enriched dataset can inform budgetary 
allocation, subsidy prioritization, and tax incentive design at the mu-
nicipal level. Fig.  14 illustrate this distribution and can directly inflict 
real value for decision makers for where and what to green.

Replicating this pipeline in another city requires three inputs: high-
resolution orthophotos available via WMS, building footprints from 
OSM or an equivalent open source, and cloud-free Landsat-8 scene over 
the target area. The classifier, trained on data from over ten German 
cities, generalizes across varying urban morphologies and illumination 
conditions without city specific fine-tuning. For cities outside Germany, 
retraining or fine-tuning on locally sourced labels may be necessary if 
the material palette differs substantially from the five classes used here 
(e.g., in regions where clay, slate, or thatch are common). All code used 
in this study is publicly available to support reproducibility.

6. Conclusion

This paper presents an end-to-end pipeline that turns open aerial 
imagery and building footprints into actionable roof material semantics 
linked directly to 3D city models. By combining a masked-first classifi-
cation strategy with a deterministic, multi-material inference step, the 
pipeline achieves high performances, enriches 3D city buildings models 
with roof material attributes, and estimates the cooling effect of green-
ing eligible roofs across cities. These outputs are directly actionable for 
urban planners evaluating greening potential and its contribution to 
climate adaptation.

The pipeline delivers auditable, geo-referenced labels that are im-
mediately usable for CityGML enrichment and urban-heat-island
screening. The pipeline demonstrates that city scale material enrich-
ment can be achieved with reproducible, data-efficient methods while 
preserving full traceability from image evidence to database attribute, 
bridging the gap between remote sensing classification and urban 
climate analysis. As demonstrated, this pipeline is not city or region 
specific. It relies entirely on openly available inputs (orthophotos and 
OSM or CityGML footprints), making it transferable to any city where 
these resources exist. This positions the approach as a reusable template 
for city planners and greening assessments, advancing semantic city 
modeling towards an operational practice.

Looking ahead, improving discrimination and confusion between 
classes may require augmenting the model with maps that differen-
tiate between materials at texture level or incorporating illumination 
invariant features. Higher resolution data would also alleviate some 
ambiguities. Additionally, roof tilt and orientation, which are already 
encoded in LoD2 CityGML geometry, could serve as inputs for assessing 
rooftop photovoltaic integration potential alongside greening suitabil-
ity, enabling joint optimization of renewable energy generation and 
thermal comfort.
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From an environmental modeling standpoint, future work can build 
on the present material maps to refine UHI calculations by integrating 
seasonal albedo variation and heat storage dynamics. Extending the 
pipeline to additional semantic layers, particularly facade materials, 
would enable building level energy balance calculations that are cur-
rently out of reach for city scale workflows, moving the system closer 
to a unified material model capable of supporting both operational 
planning and long term climate adaptation scenarios.
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