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SUMMARY

Reducing heat stress in cities is an emerging goal for both developing and developed regions
of the world. Geodesy and earth observation can contribute to solutions, e.g. by supporting
urban climate analysis and long-term strategies for city planning. However, to transfer analyses
to arbitrary cities without much effort, spatio-temporal data management for cities should be
used and enhanced preprocessing of climate data is necessary. Furthermore, all available data
sources must be integrated to improve data analysis. In this paper, we propose a pipeline of data
collection and spatio-temporal data management, for the use case of urban climate analysis. To
project changes in heat exposure based on urban planning decisions, an elevation change
detection analysis is provided with the help of spatio-temporal DEMs. In addition, Digital
Elevation Models (DEMs) and OpenStreetMap (OSM) are used as data sources to detect errors
in building segmentation to improve the segmentation process. First results are evaluated based
on a case study with data from the city of Karlsruhe, Germany. We intend to support two
applications of urban climate analysis: Change detection for local climate zones and mean
radiant temperature determination via the Urban Multi-scale Environmental Predictor (UMEP).

1of15

Spatio-Temporal Data Management and Enhanced Processing for Urban Heat Island Analysis supported by Digital
Elevation Models (13718)
Paul Kuper, Susanne Benz, Ruiqi Liu, Svea Krikau and Martin Breunig (Germany)

FIG Congress 2026
The Future We Want - The SDGs and Beyond
Cape Town, South Africa, 24-29 May 2026



Spatio-Temporal Data Management and Enhanced Processing
for Urban Heat Island Analysis supported by Digital Elevation Models

Ruiqi LIU, Svea KRIKAU, Paul V. KUPER, Susanne BENZ, Hanwen DENG,
Martin BREUNIG, Germany

1. INTRODUCTION AND RELATED WORK

In the context of climate change and ongoing urbanization (Intergovernmental Panel on Climate
Change, 2023), the UN sustainable development goals (SDGs) 3, 10, 11, and 13 are increasingly
under pressure due to increasing urban heat islands. They are a well-documented phenomenon
in which urban areas exhibit higher temperatures than their rural surroundings (Oke, 1973).
However, urban climate itself is highly localized and significantly driven by the thermal
properties of built-up surfaces, extensive surface sealing, and reduced vegetation cover, which
enhance the storage of heat during the day and slow its release during the night. Thus, facing
global warming and the increasing heat load in cities, there is a pressing need for targeted
adaptation measures in urban landscapes (Mavrakou et al., 2018). To support this, up-to-date
maps of the urban thermal environment are essential for urban planners. Urban areas are not
only developing rapidly but are also continuously reshaped by construction and land-use
change, making them highly dynamic. In addition, the effectiveness of implemented measures
must be evaluated over time. Yet, for most cities of the globe, details of local temperatures and
heat stress are unknown. It is not economically feasible to observe all necessary parameters in
the required details (Adinolfi et al., 2023). Many studies make use of satellite derived land
surface temperatures, but it is controversy discussed if they bear meaning for human wellbeing
(Venter et al., 2021; Naserikia et al., 2024; Krikau and Benz, 2025). Hence proxies such as the
Local Climate Zone (LCZ) (Demuzere et al., 2022; Stewart and Oke, 2012) classification
system provide probable climatic conditions for localized zones and enables standardized
comparison across the globe. LCZs divide urban and rural landscapes into 17 categories mainly
based on the density and height of roughness elements.

Furthermore, human perception of the thermal environment is influenced not only by air
temperature but also by factors such as wind, humidity, and solar radiation, which collectively
influence the physiological response to the thermal environment. To assess human satisfaction
and heat stress, a range of thermal comfort indices have been developed that integrate these
factors (Migliari et al., 2022). In biometeorological approaches, the mean radiant temperature
(Tmrt) is used to account for the influence of radiation on the human body. Since this parameter
i1s difficult and expensive to measure directly (typically requiring integral radiation
measurements), modelling it has become a common approach (Nazarian et al., 2021; Lindberg
et al., 2018). Although this parameter is also influenced by land cover, the dominant effect
comes from the amount of shading, which can account for differences of around 30 °C
(Lindberg et al., 2016). A practical and accessible tool for urban climate assessment is the Urban
Multi-scale Environmental Predictor (UMEP - Lindberg et al., 2018), an open-source climate
modelling and analysis plugin for QGIS designed to evaluate urban climate processes and their
effects on human thermal comfort (Lindberg et al., 2018). However, for accurate modelling,
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UMEP and comparable models themselves need a complex set of geospatial data to give
meaningful and accurate results. Besides broader climate parameters to define boundary
conditions, this includes information on land use, land cover, and digital elevation models.

Digital Elevation Models (DEMs) — here understood as a general term for Digital Surface
Models (DSMs, representing the terrain including vegetation and buildings) and Digital Terrain
Models (DTMs, representing the earth’s surface only) — provide important information about
building heights, street canyon configurations, and the surrounding topography. Their
significance for environmental studies is undisputed since many decades (Miller, 1958; Doyle,
1978; Weibel and Heller, 1991; Zhilin et al., 2004). Li et al. (2023) emphasized the emerging
need of high-resolution Digital Elevation Models (DEMs) for environmental scenarios such as
urban planning, flood simulations, and landslide predictions. The same authors presented a deep
learning-based approach to increase the detail of low-resolution DEMs. On the one side, DEMs
may be modelled and managed in geospatial databases as fields, i.e. images or regular
grid/raster representations (Baumann et al., 1997), where each raster cell represents one
elevation point. On the other side, they may be represented as geometric simplicial 2-
complexes, i.e. Triangulated Irregular Networks (TINs), in object-oriented data stores
(Balovnev et al., 1999; Breunig et al., 2016). Baumann et al., (1997) already proposed to store
and process fields as multi-dimensional arrays of a raster database management system and to
include OGC raster database services as user interface (Baumann, 2010). Furthermore,
Baumann et al. (2018) have proven data cubes to be a suitable user interface to support
geospatial and spatio-temporal raster data analysis. Finally, Liu et al. (2025a) stated that spatio-
temporal DEMs should be directly modelled and managed in geospatial database management
systems to support statistical and machine learning-based monitoring of urban planning and
landslides. However, to the knowledge of the authors, spatio-temporal DEMs as well as the
combination with OSM data, have not been applied so far in literature to improve the accuracy
of urban local climate zones.

In this study, we introduce an enhanced processing and spatio-temporal DEM management
pipeline. Results are prepared for optimal use in urban climate analysis, particularly change
detection in LCZ and mapping of heat stress in UMEP. The remainder of this paper is structured
as follows: In section 2 we introduce our approach for temporal DEM management
demonstrating a pipeline to support local climate zone analysis. In section 3 the methodology
to support spatio-temporal DEM queries, change detection, and DEM semantic segmentation is
explained based on the case study of Karlsruhe, a city in southwestern Germany. The results
are evaluated and the limitations and occurred problems, respectively, are discussed. Finally,
section 4 summarizes the paper with conclusions, lessons learned, and an outlook on future
research.

2. PIPELINE FOR TEMPORAL DEM DATA MANAGEMENT AS AN INPUT IN
IMPROVED URBAN CLIMATE ANALYSIS

2.1 Motivation and Special Feature of the Approach
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Due to the limited availability of urban meteorological stations, urban climate analysis and
adaptation require proxy variables such as LCZs or using modeling software such as UMEP to
generate high resolution maps of urban thermal comfort. Accuracy of LCZ and UMEP is mainly
impacted by the accuracy of the input parameters including urban morphological inputs, such
as building geometry, and surface representation. Even more, these urban morphological inputs
are typically treated as static over time based on the most current available dataset (e.g. Li et
al., 2024). Therefore, in contrast to existing studies, we focus on explicitly characterizing the
spatio-temporal dynamics of the DEMs for urban climate analysis. As one of the key input
variables, they not only provide the geometric basis for urban climate analysis (e.g., deriving
terrain roughness from DTMs for LCZ classification), but also enable the representation of
buildings and vegetation structures using high-resolution DSMs for detailed thermal comfort
modelling. Building on this, spatio-temporal DEMs further capture the temporal evolution of
urban morphology by incorporating DEM datasets acquired at different timestamps.

2.2 Enhancing Urban Climate Analysis Workflows by Integrating Spatio-Temporal DEM
Management

Accordingly, our approach enhances the traditional urban climate analysis workflow by adding
a new spatio-temporal DEM management (see Figure 1).

spatio-temporal dynamics of the input variables

Y S N = -
N \
N
'
o

Data Collection k I” Spatio-Temporal DEM Integration

P w—

Geometric Semantic

Properties

Change
Segmentation

Detection

updates driven by significant DEM changes

Figure 1 — The here introduced spatio-temporal DEM integration is designed to act as a central part of an enhanced
urban climate analysis workflow.

As the core part of an urban climate workflow, the spatio-temporal DEM module enables the
derivation of geometric properties, as well as semantic segmentation and change detection,
thereby characterizing the urban three-dimensional form and its temporal evolution. Meanwhile,
its spatio-temporal query capability allows the analysis to flexibly select different temporal
states and dynamically align heterogeneous input variables, such as land cover, impervious
surfaces, and meteorological observations. The detected changes can e.g. support dynamic
updates to LCZs, triggering the recalculation of associated thermal comfort indicators when
significant urban changes occur.

2.3 Details of the Spatio-Temporal DEM Pipeline

Details of the spatio-temporal DEM data management pipeline are presented in Figure 2. The
DEM data used in this paper are in raster format (e.g., GeoTIFF), derived from raw point cloud
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measurements through interpolation and filtering processes, in the form of two products: the
DSM, representing surface elevations including buildings and vegetation, and the DTM,
representing the bare ground after removing all above-ground objects. Each DEM dataset
covers multiple spatial subregions (R;, R>, ..., Rn). For each subregion, DEMs are available at
multiple timestamps (77, 1>, ..., Tx). These DEM data then are organized as a spatio-temporal
collection jointly indexed by spatial subregions R and timestamps 7, with each record
represented by a pair (R, 7).

Enhanced Processing and Spatio-Temporal DEM Data Management Pipeline
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Figure 2 — Details of enhanced processing and spatio-temporal DEM data management pipeline. Our output can
e.g. be used to support urban climate analysis such as change detection in LCZ and modeling of thermal comfort.

For the management of spatio-temporal DEM data, we applied an Event-Based Time-Stamping
Data Model (Liu et al., 2025b). It considers DEM files from the same timestamp, e.g., the same
airborne laser scanning campaign, as the same layer, which reflects global changes over time.
Within each single layer, individual events E;, E>, ..., and E, represent collections of actions
related to elevation changes for their corresponding subregions, so that detailed local changes
can also be captured at the event level. To further detect temporal changes within the same
spatial subregion, the elevation change is quantified as:

ADEM(R,T;;) = DEM(R,T;) — DEM(R,T})

Where DEM (R, T;) and DEM (R, T;) represent DEMs of subregion R acquired at 7; and 7}, and
ADEM (R, T;) is the corresponding change between these two timestamps.

The spatio-temporal query results of DEMs are subsequently prepared for use in urban climate
analysis. We particularly foresee the use of the geometric properties (e.g., terrain roughness)
derived from the DTM as essential inputs for LCZ classification and change detection. In
thermal comfort analysis, a detailed three-dimensional information on urban buildings and
vegetation is required to properly represent shading and radiative interactions. To eliminate
terrain effects, we have thus computed the Normalized Digital Surface Model (nDSM) by
subtracting the DTM from the DSM (Brunn and Weidner, 1997), i.e.,

nDSM = DSM — DTM
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The nDSM represents the relative height of objects above ground level, providing a reliable
basis for applying height thresholds to filter non-building objects (e.g., vehicles) and to support
the semantic segmentation of buildings and vegetation. These segmented layers are prepared as
input in UMEP to estimate mean radiant temperature.

3. METHODOLOGY BASED ON CASE STUDY KARLSRUHE
3.1 Case Study Area

Based on nearly twenty years of airborne laser scanning data provided by the State Office for
Geoinformation and Land Development (LGL) (see Table 1), Karlsruhe, a city in southwestern
Germany, has experienced clear urban expansion and morphological change.

Table 1 — Laser scanning campaigns for the case study area of Karlsruhe, Germany. The LGL has conducted three
Airborne Laser Scanning (ALS) campaigns, during which different regions were surveyed once within each
campaign period.

ALS _name Year Resolution

ALS 1 2000-2005 DTM (1 m), DSM (1 m)
ALS 2 2016-2021 DTM (0.25 m), DSM (1m)
ALS 3 2022- DTM (0.25 m), DSM (1m)

During the same period, the city has also shown stronger Urban Heat Island (UHI) effects of up
to 4 K in summer at nighttime based on numbers provided by the German Weather Service
(Krdhenmann et al., 2018).

(@)

e
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|
1234567 891ABCDEFG

Figure 3 — A map of the Local Climate Zones (a) in Karlsruhe following Demuzer et al. (2022). The DSM (b)
output of the introduced Spatio-Temporal DEM pipeline has been used as an input into UMEP to calculate the sky
view factor (c) and shadow maps (d).

Against this background, the spatio-temporal DEM pipeline together with its implementation
in UMEP has been applied to Karlsruhe as a case study (see Figure 3).

3.2. Spatio-temporal DEM Queries and Change Detection

To achieve efficient statistical and spatio-temporal queries (see Figure 4), we stored metadata
in PostGIS geodatabase, which are associated with DEM files basic information such as spatial
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extent, generation date and resolution. The DEM data themselves are maintained on the data
server, while spatio-temporal queries are performed directly on metadata.

xxxxxxxxxxx

: = 4
(b) Temporal query. (d) Geometric and statistical properties.

Figure 4 — Examples of spatial, temporal, and statistical data queries.

Based on the results of spatio-temporal queries, relevant DEM files are dynamically transferred
to the analysis server, which provides advanced processing functionalities such as building
segmentation (as described in Section 3.3) and change detection across different timestamps
within the same spatial region (see Figure 5). When the user clicks on the result pixel, the
elevation change value at this specific point can be acquired.

: Legend
(a)nDSM at T1. (b) nDSM at T2. (c) nDSM Change from T1 toT2. —o5o"

nDSM
— 40m
1Egn o
L T v
e L " DM

& - 120m
110m

Change

’ /

(d)DTMatT1. (e)DTM at T2, (e) DTM Change from T1 to T2.
Figure 5 — nDSM change and DTM change between the timestamps T1 (2001) and T2 (2016) for a spatially
selected part of Karlsruhe.

Finally, the front-end client supports users to export analysis results in multiple data formats,
including raster and point cloud, with customizable output parameters such as spatial resolution
and tile size to suit specific application requirements.

3.3. DEM Semantic Segmentation

3.3.1 Workflow
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In this section, we describe our semantic segmentation framework, which provides the spatial
inputs required for TCI calculation. The primary focus is the semantic segmentation of
buildings, while vegetation areas are then obtained by excluding building regions from the DSM.
The framework starts from OpenStreetMap (OSM) building footprints as initial semantic priors,
while high-resolution nDSM geometric features serve as the primary basis for building
identification. In addition, spectral information from orthophotos is incorporated to further
distinguish buildings from vegetation.
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Figure 6 — DEM semantic segmentation framework: nDSM-derived geometric features, spectral vegetation
information, and OSM building footprints are integrated as geometric, spectral, and semantic priors, respectively.
The region growing approach identifies building seeds from the nDSM using height and roughness constraints and
expands regions in multiple passes to recover building boundaries. The DBSCAN approach clusters pixels into
building candidates in a normalized four-dimensional feature space (spatial coordinates, height, and local
roughness) using density-based clustering. The geometric segmentation results are refined through post-processing
to produce cleaned building masks, which are subsequently used as pseudo-labels for training the U-Net++ model.

Within this framework, three different segmentation strategies have been implemented: a rule-
based region growing approach, a geometry-based DBSCAN clustering approach, and a deep
learning approach based on U-Net++, as shown in Figure 6.

3.3.2 Evaluation
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We evaluated the segmentation performance of the three approaches and compared the results
against the original OSM building data as a baseline, using DEM datasets from the ALS 3
campaign (2022). Ten representative 100 x 100 m blocks across different urban and suburban
settings in Karlsruhe were selected as evaluation reference data, where building polygons were
manually inspected and corrected using both the orthophoto and the nDSM as visual references.
In addition, 13 larger sample regions of approximately 750x750 m were used for
training/validation/testing of the learning-based baseline, see Figure 7.
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Figure 7 — Orthophoto of the study area in Karlsruhe, Germany. Training, validation, and test windows are overlaid.

As Table 2 shows, the DBSCAN approach achieves the best overall performance, with the
highest mean IoU and Fl-score. Both geometry-based approaches outperform the OSM
baseline, while the U-Net++ model shows lower accuracy under weak supervision. Figure 8
visualizes qualitive examples comparing DBSCAN-based results and OSM building footprints
with manually corrected reference data (denoted as ground truth in the figure).
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Table 2 — Mean building extraction performance over ten manually corrected 100 X 100 m reference blocks.

Method IoU Precision Recall F1-score
OSM baseline 0.844 0.934 0.900 0.905
Region Growing 0.881 0.931 0.944 0.936
DBSCAN 0.894 0.956 0.933 0.943

U-Net++ (CNN) 0.732 0.835 0.853 0.844

However, there are still some limitations in our approach. First, we apply currently only a binary
classification of buildings and vegetation to elevated targets in the DSM, so the classification
results may include other land-cover types. Moreover, the vegetation DSM representation is
simplified. Lindberg and Grimmond (2011) have discussed the influence of distinguishing
canopy and trunk zones on radiation calculations in UMEP. Based on this, the simplified
representation may overestimate vegetation shading. In addition, it is difficult to distinguish
between buildings and vegetation when dense tree canopies occlude building roofs.

DBSCAN Building &G with OSM Baseline
Orthophoto DBSCAN vs. Ground Truth OSM vs. Ground Truth

) S

()

(d)

s ol =
Figure 8 —- DBSCAN building segmentation on four reference blocks. In (a), DBSCAN slightly adjusts the building
outlines along block boundaries by a few pixels, correcting small edge shifts. In (b), several thin, spike-shaped
OSM polygons with clearly non-building geometry, likely resulting from random OSM drawing errors are
removed. (c) shows a case where an OSM footprint incorrectly extends over part of a road; DBSCAN largely
suppresses this region and retains the actual building’s roof. In (d), DBSCAN recovers a building that is clearly
visible in the nDSM but partly absent in OSM, although one wing of the roof is still missing.
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Finally, the performance of the CNN-based approach is constrained by weak supervision, as
the pseudo-labels derived from geometric segmentation contain noise and systematic biases,
indicating that, in the absence of high-quality annotated data, the advantages of deep learning
methods cannot be fully exploited.

4. CONCLUSIONS AND OUTLOOK

In this paper, we presented a pipeline for spatio temporal DEM data management aimed at the
use in urban climate analysis. To project changes in heat exposure based on urban planning
decisions, a spatio-temporal DEM management system has been developed that supports
change detection analysis. In addition, semantic segmentation of DEMs has been implemented
to distinguish buildings from vegetation for use in mean radiant temperature determination.
First results have been evaluated based on a case study with data from the city of Karlsruhe,
Germany.

The lessons learned by this study are: DEM and OSM data have been proven to be valuable
additional data sources to detect errors in building segmentation from images and thus to
improve the entire segmentation process. Furthermore, change detection of buildings and
vegetation has been proven to be a suitable instrument for city development analysis examining
the past and the future of cities. In the future, change detection will be a key element to examine
historically developed heat islands as well as the development of future heat islands e.g. due to
construction measures in cities. By leveraging temporal DSM information, future studies will
e.g. be able to generate more reliable LCZ maps. Currently most studies rely on the static results
of a global random forest approach (Demuzer et al. 2022, see Fig 3a). Our tool clears the path
for visualisation of structural changes and their climatic impacts, providing a comprehensive
understanding of urban dynamics and their effects on heat distribution and microclimatic
conditions.

By implementing the proposed pipeline with existing models of heat stress such as the UMEP
(Lindberg et al., 2018), future studies will be able to directly project changes in urban climate
extremes based on proposed urban planning decisions. This will further support predictive heat
island analysis. Already we can link our pipeline to UMEP in order to more accurately present
the dominant features in urban heat stress modeling (Figure 3 b-d). Based on change detection
of the built and natural environment, the presented pipeline enables a detailed assessment of
urban transformation over time. It allows not only the identification of areas with significant
structural modifications but also the quantification of their impacts on local climate and thermal
comfort.
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