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Abstract

Evapotranspiration provides local cooling of land surfaces during the vegeta-
tion period. Increased water retention in the landscape through nature-based
solutions can promote plant transpiration during dry periods and thus con-
tribute to climate change adaptation by stabilising the regional climate. The
land surface temperature (LST) can be considered a proxy for landscape
mesoclimate. LST data are available through satellite imagery at high spa-
tial and temporal resolution and can be linked to environmental factors.
We established a statistical relationship between LST and environmental

predictors in a drought-prone rural study area in Germany. We also mapped

*Corresponding author

Email addresses: b.zimmermann@fib-ev.de (Beate Zimmermann),
s.kruber@fib-ev.de (Sarah Kruber), claas.nendel@zalf.de (Claas Nendel),
hmunack@uow. edu.au (Henry Munack), c.hildmann@fib-ev.de (Christian Hildmann)

Preprint submitted to Journal of Environmental Management December 15, 2023



1

2

3

4

5

6

7

8

9

-

0

various climate change adaptation measures to potential areas where they
could be implemented. Using the fitted model and the expected expression
of predictors before and after a hypothetical measure implementation on the
potential areas, we evaluated the measures’ probable cooling effect.

The model captured a large part of the LST variation. Measures that
promote evapotranspiration and water retention were found to be the most
successful in terms of their potential cooling effect. In particular, the af-
forestation of arable land and urban brownfields and the rewetting of former
wet meadows had cooling capacities up to 3.5 K. The effect of the measures
varied spatially and also showed temporal dynamics during the year. These
aspects can be taken into account with our approach when using the results
for decision support.

Keywords: climate change adaptation, land surface temperature, water

retention, evapotranspiration, cooling effect, measure evaluation

1. Introduction

In 2022, after a continuous 2014-2020 series of warmest years on record
(Copernicus, 2022), Europe experienced its hottest summer ever recorded,
with temperatures at 2.3 K above the pre-industrial benchmark level (World
Meteorological Organization (WMO), 2023). The line-up of adverse impacts
of rising temperatures, involving heat and drought extremes, can hardly be
overestimated. For Europe, the IPCC (Bednar-Friedl et al., 2023), in light
of the global warming peril, has identified four key risks (kr) — heat-related
health issues (krl), heat and drought stress on crops (kr2), water scarcity

(kr3), and hydrological extremes (kr4) — which are consistently related to
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heat and water.

The term “heat” in this context commonly refers to sensible heat of the
surrounding air that exceeds a comfort temperature threshold, and that may
even become critical for physiological processes of organisms, including hu-
mans. Air temperature is a result of (i) the turnover of incoming radiation
at the surface into sensible heat of the sunlit material, while a remaining
fraction is reflected into the atmosphere and (ii) atmospheric transport pro-
cesses that exchange air volumes of different heat content dynamically across
a large range of temporal and spatial scales. In soils, a considerable fraction
of the substrate is liquid water, which, when heated, may turn into vapour
and evaporate from the soils’ surface. The change of the state of aggregation
requires energy, and this consumption results in a turnover of sensible into la-
tent heat and an immediate temperature decrease of the surrounding media,
a local cooling effect. The same principle applies when liquid water turns
into vapour in the stomata of plants and then transpires from the plants
surface. The cooling effect of transpiration protects plants against extreme
heat, as critically high temperatures may cause damage to the plants tissue.
This is especially relevant when vulnerable parts are exposed, such as pollen
during flowering.

A consequence of the complex interaction of many factors, transpiration
is highly dynamic in both space and time. The vegetation’s influence on
the surrounding microclimate increases with both the number of plants and
their transpiring surface. This causes any vegetation, yet to different degree,
to develop its own specific microclimate. Depending on the extent of the

vegetation, the combination of evaporation from the soil and transpiration
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from the vegetation, commonly referred to as evapotranspiration, may even
influence meteorological variables at the landscape scale, referred to as the
mesoclimate. Landscape cooling by evaporation affects moist atmospheric
dynamics and dampens land-ocean temperature contrasts, maintaining the
regional hydrologic cycle (Makarieva et al., 2022). Transpired water can be
condensed again with a temporal delay and spatial shift (Makarieva et al.,
2023). Because long-term temperature contrasts during the warm season
in the Northern Hemisphere are close to the threshold where condensation-
induced moisture transport ceases, a few degrees of additional land warming
can disrupt condensation-induced moisture transport. Especially during heat
waves, surface cooling provided by transpiring vegetation can be critical to
avoid a tipping point where the climate turns into arid conditions (Makarieva
et al., 2022).

While microclimatic effects can only be measured with proximal sensing
equipment, mesoclimatic effects can potentially be investigated using remote
sensing methods. Three landscape properties are relevant for this: the land
surface albedo (i) describes the degree to which incoming radiation is re-
flected into the atmosphere. It is a proxy for the surface’s potential to turn
radiation into sensible heat. Surface roughness (ii) is defined as the devia-
tions in the direction of the normal vector of a real surface from its ideal form,
usually an ideally flat surface. Land surface roughness usually considers de-
viations at the scale of decimetres to decametres (Burakowski et al., 2018).
Land surface temperature (iii), or LST, represents the transferred energy at
the phase interface of the boundary layer and, thus, provides insights into

landscape energy turnover. It integrates both albedo and land surface rough-
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ness plus the meteorological variables, and is therefore considered a proxy
for the landscape’s mesoclimate and, within limits, also to the microclimate
within vegetation stands (Hesslerova et al., 2018; Ghafarian et al., 2024). Tt
has hence been identified a measurable indicator of ecosystem and landscape
functioning (Hesslerova et al., 2013). Albedo and land surface roughness are
variable, but follow fairly strict patterns in space and time, while LST is
often highly dynamic, responding to many influencing factors. In this study,
we will focus solely on LST when investigating how the cooling service of veg-
etation in rural landscapes can be employed to mitigate potentially harmful
effects of landscape overheating.

Using satellite thermal imagery, the LST can be quantified in a high
spatial and temporal resolution (e.g. Prochézka et al., 2019; Hesslerova et al.,
2018). Since the LST represents transferred energy at the boundary layer,
it is not directly comparable with the air temperatures measured at weather
stations. To date, remotely sensed LST data has been used to map urban
heat islands (e.g. Abir et al., 2021; Sultana and Satyanarayana, 2020), but
less so with regard to rural regions (Ghafarian et al., 2024). In this context,
research as so far focused on disentangling the relationship between LST
and environmental factors (Alavipanah et al., 2015; Bertoldi et al., 2010;
Das et al., 2020; Seeberg et al., 2022; Wickham et al., 2012), for instance
to locate warming and cooling spots in cities (Seeberg et al., 2022). In a
next step, climate adaptation strategies can be assessed e.g. based on LST
differences between built-up and green spaces (Selim et al., 2023).

Climate adaptation measures resemble each other around the globe. How-

ever, due to regionally varying global warming impacts, adaptation measures
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must be bespoke regional responses to a global problem. Yet many regions
have in common that, prior to the advent of industrial land-use practices,
water was a ubiquitous climate buffer agent. In many eastern German water-
sheds, land use became intensive and radical with increasing industrialization
(Baessler and Klotz, 2006; Schils et al., 2022). Among other interventions,
lowland drainage by means of subsurface and ditch drainage was strongly
advanced from the 1960s onward, as a response to a longer period of high
rainfall during spring time (Ionita et al., 2020). Landscape drainage, however,
leads to accelerated loss of rainwater, rendering the landscape generally drier.
Lacking water anyway, and further pressured by advancing climate change,
the vegetation in these areas has become increasingly drought-stressed, which
has been witnessed especially in the years 2018 and following. Any attempt
to re-increase vegetation growth and transpiration-mediated cooling at land-
scape scale (Susnik et al., 2022; Monteiro et al., 2016; Hildmann et al., 2022)
must therefore address the way pluvial water is handled. Using the landscape
itself as an interim water storage is the new goal, reversing the large-scale
drainage of the past decades.

A range of measures addressing different spatial scales can be taken to
achieve this (Hildmann et al., 2022), starting with the establishment of green
roofs in cities, and ending at large-scale measures in rural areas, such as soil
organic matter enrichment to increase the water infiltration into soils, or the
re-wetting of degraded wetlands. However, a quantification of the effect of
these measures for mitigating climate change through evaporative cooling is
still lacking, and with this a scientific basis for deriving recommendations to

decision makers. To help to fill this knowledge gap, we aimed at quantifying
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the influence of various environmental variables on LST. Using the estimated
relationships, we investigated the cooling effect of climate adaptation mea-

sures in a drought-prone rural study area.

2. Materials and Methods

2.1. Study area

Our study area covers the Elbe-Elster-County in the south of the federal
state of Brandenburg in Eastern Germany. The county inhabits 100,902
people (Amt fiir Statistik Berlin-Brandenburg, 2023) on an area of 1,899 km?.
51% and 36% of the county are agricultural land and forests, respectively
(Amt fiir Statistik Berlin-Brandenburg, 2022). Settlements and traffic areas
account for 10% of the total area. Cereal farming dominates the agricultural
areas, while about one fourth of the agricultural land is grassland. The
forested areas are dominated by pine plantations. The low population density
by German standards, the high proportion of agricultural land and forest,
and the absence of major cities account for the rural character of the area
(Wolff et al., 2021).

Climatically, the Elbe-Elster-County is located in the temperate climate
zone with a mean annual air temperature of 9.1 °C and an annual precipita-
tion of 556.9 mm (period 1971-2000, Pfeifer et al., 2021). A comparison of
the 30-year periods 1951-1980 versus 1986-2015 revealed in an increase for the
annual mean temperature by an average of about 0.9 °C (Pfeifer et al., 2021).
The average annual precipitation shows a slight, statistically non-significant
increase (Pfeifer et al., 2021). The distribution of precipitation in the course

of the year has shifted between the climatic normal period 1961 to 1990 and
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the current period 1991 to 2020 in the direction of lower spring and higher
winter precipitation (Zimmermann and Hildmann, 2021). Already today,
the aridity index (AI) pushes the Elbe-Elster-County into the dry sub-humid
range (county-wide mean of the annual Al average: 0.64, derived from the
Global ETy and Aridity Index Database v3 in Zomer et al., 2022) although
regional differences exist. The western part in the direction of the river Elbe
is drier than the southeastern and eastern areas, which is partly due to the
topography.

Particularly in recent years, the region has experienced some severe soil
moisture droughts during the growing season, resulting in crop yield losses,
forest damage, and wetland degradation. This is consistent with Samaniego
et al. (2018)’s projection that the continental climate zone — where the county
is located in — will experience negative changes in available soil water content
under ongoing climate change in all seasons except winter; an effect of the
drastically increasing water vapour deficit of the warming atmosphere and
the resulting increase in ET\,.

The soils in the region are predominantly sandy except for some alluvial
areas near the rivers Elbe and Schwarze Elster with loamy soils. Their low
available water holding capacity, in many areas below 140 mm in the first
metre of the soil profile, exacerbate the plant water deficiency during drought
periods. Peat and degraded peat soils occur in fens that are often drained for
agricultural use. An analysis of historical and current regional maps revealed
that the very low natural drainage density is more than doubled by artificial

ditches.
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2.2. Measures for climate change adaptation

Nature-based solutions for climate adaptation are particularly appropri-
ate in our rural study area. We focused on measures that improve the micro-
climate and prevent overheating of landscapes via plant evapotranspiration.
Since our region often suffers from water deficiency during the growing season,
the desired effect of evaporative cooling requires adequate water retention in
the landscape. This is particularly important due to the shift of precipita-
tion to the winter months (Chpt. 2.1). In this article, we consider 16 climate
adaptation measures (Tab. 1). Their detailed description including some
information on costs, implementation hurdles, synergy effects, etc. can be
found in Hildmann et al. (2022). Very small-scale measures such as roof and
facade greening cannot be considered because their scale does not correspond
to the resolution of the satellite data, which we used to assess the measures’
effect (Chpt. 2.3.1).

In order to assign the measures to possible areas where they could be
implemented, we have developed specific GIS algorithms (App. Appendix
C). A small-scale land-use map of our study area with a total of almost

60,000 plots served as the map basis (App. Appendix B).

2.3. Evaluation of the measures

The potential benefits of the 16 selected measures were evaluated by quan-
tifying their influence on land surface temperature (LST). A comparative
study, e.g. with a BACI (Before-after-control-impact) design or space-for-
time substitution, was not possible due to too few implemented measures in
our study area. We therefore derived environmental variables from available

geospatial data that are known or suspected to influence LST. By fitting a
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Table 1: Considered climate change adaptation measures

Category Measure Description

Agriculture  Agroforestry Combined cultivation of arable crops
and perennial woody plants

Agriculture  Deep-rooting crops Cultivation of deep-rooted arable crops

Agriculture  Landscape structure  Planting of woody plants on agricultural

elements land along ditches and trails

Agriculture  Organic fertilisation ~ Continuous application of organic
matter to arable land

Agriculture  Permanent grassland Conversion of arable land into permanent
grassland

Agriculture  Afforestation Afforestation of marginal arable land
with broad-leaved trees

Forestry Reforestation Reforestation of degraded forest patches

Forestry Forest conversion Conversion of pure conifer stands into
mixed or deciduous stands

Nature Wet meadows Rewetting of former wet meadows

conservation

Settlements  Afforestation Afforestation of (un)sealed urban
brownfields, if necessary after unsealing

Settlements  Partial unsealing Unsealing and laying of grass pavers

Settlements  Tree groups Planting or compaction of groups of trees

Settlements  Tree rows Planting rows of trees

Settlements  Unsealing Unsealing and subsequent greening of
sealed urban brownfields

Water Ditch water Adapted control of farm dam

management management heights in melioration ditches

Water Supporting sills New construction of supporting

management sills in melioration ditches

10
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statistical relationship between these predictors and LST, we were able to
estimate measure effects via the expected expression of the predictors before
and after hypothetical measure implementation. In the following we describe
the data and the model used for this purpose. Fig. 1 gives an overview about
our methods.

Catalogue of candidate .
Identification of measures

at suitable locations Digital Landscape Model
L Vector feature types & classes

climate adaptation measures

Landsat thermal data

Selection and preparation Data AT and Candidate predictors

processing
Derivation and dataset preparation (Fig. 2)
a) Fit candidate model
b) Validate computation
Housekeeping c) Evaluate model
Post-stratification of dataset Model building Model d) Modify model
fitting e) Compare model inferences
f) Repeat a) to e) until ok
g) Make decision
Determination of predictor Temporal variation
values Model prediction Prediction
Spatial variation
- Catalogue of measures Fit models for post-processing and prediction
__ Implementation area designation -
- Output

Measure impact classification and ranking

|

__LST and predictors dataset

Figure 1: Workflow

2.3.1. Data on land surface temperature
The target variable LST was derived from 39 atmospherically corrected

Landsat 8 (Collection 2 Level 2) satellite scenes. All 39 scenes came from

11
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the main vegetation periods of the years 2013 to 2020, which encompass the
months of May to September in our study area. Pre-processing of the scenes
included, among other things, removal of cloud shadows (App. Appendix
A). As the absolute values of LST fluctuate due to weather conditions, they
were converted into relative values. The min-max feature scaling was used

as the scaling method.

2.3.2. Predictor selection

Drawing from knowledge of land surface temperature and our prediction
goals, we chose various environmental variables, encompassing land cover,
land use, landscape structure, soil, topography, and climate (Tab. 2).

As the basis for land cover classification, we used the biotope and land-
use mapping of the federal state of Brandenburg (Landesamt fir Umwelt
Brandenburg, 2009). Because the reference year for the map was 2009, we
made several updates, e.g. to include newly built solar parks (Chpt. Ap-
pendix B). Areas with LULC change between 2013 and 2020 were excluded.
The updated map served as the basis for both the localisation of the mea-
sures (Chpt. Appendix C) and the derivation of predictors related to LULC
and landscape structure. Based on predefined rules, we converted the large
number of the original biotope classes into five LULC classes (Tab. 3). We
only used classes that are relevant for predicting the efficacy of the climate
adaptation measures. As some measures on arable land are associated with
specific crop rotations on agricultural land, we have further subdivided arable
lands according to crop type (Tab. 3). Forests were divided into coniferous,
broad-leaved and mixed forests.

Moreover, the thermal signature of grasslands most likely also depends on

12



Table 2: Predictors for modelling

Domain Predictor Abbrevia-  Type! Time reference Range
tion (year) (unit)/No.
of levels
Climate Potential evapo- ET Num. Scene? 1-79
transpiration mm/d
Climate Climatic water CWB Num. Scene? -140 - 51
balance mm/m
Land Land-use/land- LULC Cat. Static 13
cover/use cover class (2020) /annual*
Land Tree cover density ~ TCD Num. Static (2018) 0-1
cover /use
Land Imperviousness IMD Num. Static (2018) 0-1
cover/use density
Landscape Core area index CAI Num. Static (2020) 0.21 - 0.98
structure
Landscape Related circum- CIRCLE Num. Static (2020) 0.27 - 0.99
structure scribing circle
Soil Available water- AWC Ord. Static (2021) 9
holding capacity
Topography  Terrain elevation ELEV Num. Static (2004) 76 — 201 m
a.s.l.

I

Daily ET on day of satellite overpass

Num. = numerical, cat. = categorical, ord. = ordinal

Monthly total before the day of satellite overpass

Crop type from annual agricultural census data

13



Table 3: LULC classes and corresponding CORINE (CLC) codes (OEuropean Union,
Copernicus Land Monitoring Service, European Environment Agency)

LULC class Subclass Coding CLC code!

Settlements 1 1.1to 14

Arable land 2.12
Alfalfa
Legumes
Maize?

Sunflower

3

Winter cereals®

N O Ot s W N

Winter oil-seed rape
Grassland 2.3

Fresh grassland® 8
Dry grassland” 9
Forest Broad-leaved forest 10 3.1.1
Coniferous forest 11 3.1.2
Mixed forest 12 3.1.3
Fens 13 4.1

1 The classes 2.2, 3.2, 3.3, 4.2 and 5 are not used. Class 2.4 is either embedded in class
arable land or does not exist in our study area.

except 2.1.3

peas and lupines

silage maize and grain maize

spelt, winter barley, winter rye, winter triticale, winter wheat

based on NDMI (Chapter 2.3.2), with assumed groundwater influence

based on NDMI (Chapter 2.3.2), without assumed groundwater influence

a7 groundwater influence: during drought periods, grassland without ground-
218 water influence tends to dry out more quickly and accordingly heats up more

29 strongly. The scale of the information that the state of Brandenburg pro-

14
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vides on groundwater is not suitable for depicting such small-scale patterns.
Therefore, we have chosen a remotely sensed moisture index (Normalised
Difference Moisture Index, NDMI) that suggests the presence or absence of
a groundwater influence on plant water supply (App. Appendix A). With
a histogram analysis of the NDMI composite (App. Appendix A), we could
distinguish between “fresh” grassland areas influenced by groundwater and
those that are remote from groundwater (“dry” grassland, Tab. 3). This
enabled us to evaluate the measures “ditch water management” and “sup-
porting sills” (Tab. 1).

Prior to modelling, the LULC classes arable land, forest and grassland
were replaced with their subclasses, resulting in the predictor LU LC' having
a total of 13 levels. In total, we included nine predictors in the analysis,
which have different time references as well as different data formats (Tab.
2). The variables ELEV |, ET and CW B were centred and scaled to one unit
variance before entering them into the model.

Landscape structure metrics (LSM) were included because it is known
that landscape structure influences LST (e.g. Song et al., 2014; Das et al.,
2020; Kim et al., 2016). Effects such as urban heat islands (e.g. Kim et al.,
2016) or the forest interior climate can thus be mapped. From the large num-
ber of available LSMs, we only considered scale-independent metrics at the
patch level. We limited the remaining selection to the core area index (C'AI)
and the related circumscribing circle (CIRCLE) because of their assumed
importance for LST: C'AI is used to describe effects such as heat islands,
while CIRCLE can be used to distinguish between linear (e.g. hedges) and
clumped landscape elements. Both C'AI and CIRCLE are configuration

15
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metrics, which have been found to exert a stronger influence on LST than
composition metrics (Du et al., 2016).

A summary of the workflow to derive the predictors from the geospatial
data is provided in Fig. 2. The common geometry is the raster data format
with the LST map resolution of 30 m. Pixels whose land-use class is not
homogeneous within a 90 m grid cell (approx. the original resolution of
Landsat-derived LST) were classified as mixed pixels and excluded from the
subsequent statistical analysis. In addition to the geospatial predictors, we
included the pixel id (/D) and the scene number (SCENE) as group-level
predictors in the modelling (Chpt. 2.3.4)

2.3.3. Generation of subsets of data

The original data set contains nearly 30 million observations. It is neither
possible for computational reasons nor is it necessary to transfer the entire
data set into the model. In addition, the LST values are auto-correlated: a
variogram analysis of the scaled LST averaged over the 39 scenes revealed
a very strong and long-range spatial correlation (nugget-to-sill ratio of 0,
effective range about 25 km). In order to avoid a correlation of the estimation
errors and to reduce the amount of data, we applied a post-stratification
routine (App. Appendix D).

The final subsets contained about 50,000 observations. We repeated the
sampling procedure three times to get three final calibration subsets. This
was done to test the influence of the subset selection on model results. Lastly,
we created a validation data subset in the same way, which does not include

the three calibration data subsets.
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Figure 2: Processing of the predictor variables
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2.3.4. Statistical modelling

Each of the 39 Landsat LST scenes was considered individually in mod-
elling. This approach has, besides that it avoids prior data aggregation and
the associated loss of information, a number of advantages. Thus, the annu-
ally varying crop type on arable land (Chpt. 2.3.2) can be included in the
modelling as a time-varying predictor. This avoids the creation of arbitrary
predictor variables such as the proportion of deep-rooted plants in crop ro-
tation. The two climatic variables can also be included in the model in this
way.

Given this data structure, we have a repeated measures design with cen-
soring, since not all pixels in each scene have an LST value due to clouds.
In general, the data set is highly unbalanced because the ranges or levels of
the predictors are not evenly distributed. For example there are 400 times
as many coniferous forest pixels as fen pixels.

To deal with these aspects, a mixed model was set up, as this type of
models is suitable to analyse unbalanced and incomplete data (e.g. Hessel-
mann, 2018). We chose the Bayesian approach to mixed modelling due to its
flexibility and intuitive interpretation of results. As a result of the model-

building process (App. Appendix F), we have adapted the following model:

LSTij, ~ T (piji, 0, v) (1)

where,
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pije = Borurcp + arp;.rurcl) + asceng,,rurcy) + 51TCD; + B I M D;

AWCy,

+ Bs(CAIL x LULC;) + Bo(CWB; x LULCy) +b Y G,
=1
for IDj=1,....J and for SCENE k=1,... K, (2)
with,
G €[0,1] (3)

Eq. 1 states that the i** value of LST follows a Student distribution with
mean i, scale o and shape . The subscripts j and k refer to the two grouping
variables in the model (see below). We chose a Student distribution because
of outliers in the residual distribution when using a Gaussian distribution.

The model has 13 population-level intercepts [y, one for each level of
LULC (Eq. 2). We chose this index-variable approach (McElreath, 2020)
because it avoids dummy coding of the categorical variable LULC'. Instead,
each of the 13 levels of this categorical variable is given its own intercept.

The population-level intercepts are allowed to vary both by pixel id
(ID) and by scene (SCENE). Hence, ID and SCENE are the grouping
(“random”) variables, accounted for in the model by the terms a;p, rvrcp
and ascenEg; LuLcp)- They take into account the repeated measures design

and the fact that each scene is subject to certain boundary conditions (e.g.
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weather, season) that are not fully reflected by our population-level (“fixed”)
predictors. The grouping variables were considered as crossed as each pixel
occurs in every scene (except missing values due to clouds).

The model has 45 population-level effects, i.e. all terms in Eq. 2 except
the a terms. An interaction term with LU LC' is included for both C'AI and
CW B. We hypothesised that the influence of CAI on LST would vary by
LULC class; for example, large settlements might be expected to be hotter
than small settlements, or large forests cooler than small forest patches. Re-
garding prewetness, we assumed that the effect of CW B on LST may also
depend on land cover or land use, e.g., due to the different rooting depths of
arable crops and forest trees.

The predictor AW C' is ordinal with nine levels (Tab. 2). To parame-
terise its regression coefficient, we used a technique called monotonic effects
(Biirkner and Charpentier, 2020). The parameterisation is done in terms of
a scale parameter b which represents the direction and size of the effect of
AWC on LST like a “normal” regression coefficient. The second parameter,
¢, is a simplex (Eq. 3). It describes the expected difference between the levels
i and i — 1 in the form of a proportion of the overall difference b (Biirkner and
Charpentier, 2020). The advantage of this approach over coding AWC' as a
nominal predictor is that the unknown differences between the nine levels of
AW C' are estimated by the model.

The priors for the group-level effects, the family-specific parameters o and
v and for the simplex were taken from the default in the library brms. That
is a student_ t prior (3, 0, 2.5) for the standard deviation of the group-level

effects, a gamma(2, 0.1) prior for v and a dirichlet(1) prior for the simplex.
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For the population-level effects, we used weakly informative normal (0,1)

priors because it is very unlikely that these effects lie outside the 0+ 2 range.

2.3.5. Model prediction for evaluation of measures

We used the fitted model to predict the cooling effect of the measures
during the vegetation period. For this purpose, the predictors were assigned
values that characterise the state of an area before and after (hypothetical)
implementation of the measures. We based this on reasonable assumptions
or observed conditions from our study area.

To parameterise the measures in the agriculture category, we defined
five-year crop rotations that maximise profits in our study area. For fields
with average and above average quality (German soil quality index > 25),
the crop rotation 1 (CR1) consists of winter cereal — winter oil-seed rape —
winter cereal — maize — legume. For fields with low soil quality (German soil
quality index < 25), the crop rotation 2 (CR2) was defined as winter cereal
— maize — winter cereal — maize — legume. The measure “deep-rooting crops”
received specific crop rotations (SCR). SCR1 consists of winter oil-seed rape
— winter cereal — sunflower — alfalfa — alfalfa (German soil quality index >
25) and SCR2 was composed of winter oil-seed rape — winter cereal — maize
— alfalfa — alfalfa (German soil quality index < 25).

For measures ,afforestation of marginal arable land” and ,afforestation of
urban brownfields”, the proposed composition of the new forest corresponds
to a balanced mixture of sessile oak, red beech and hornbeam.

Both forest measures replace coniferous forest with mixed or broad-leaved
forest. For the parameterisation, we followed the common forestry practice

in our study area, which makes silvicultural decisions based on nutrient and
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moisture supply. Depending on the moisture and nutrient conditions, several
types of deciduous or mixed forests can often be considered for a site. Fur-
thermore, different mixing ratios are possible in mixed stands. Based on the
Stand Target Type Ordinance (Luthardt, 2006), a type and a mixing ratio
is defined for each site (App. Appendix E).

Measure “organic fertilisation” was parameterised by increasing the soil
water holding capacity. If we assume a 3% mass increase of soil organic
carbon over 30 years of organic fertilisation, which is already at the upper
end of the achievable effects in Germany, the resulting increase in AWC is
limited to about 3% volumetric water content (Minasny and McBratney,
2017). Translated to the AWC classes of the soil map used (Tab. 2), this
means an increase by a maximum of two classes, for example from class
low /very low to class low/medium.

The effectiveness of the measures is subject to both temporal and spatial
variation. The first is due to differences in meteorological conditions and
seasonal effects. Spatial variation arises partly because predictor values vary
spatially among the nearly 60,000 plots (Chpt. 2.2). Second, not all measures
affect the entire area of a plot (Fig. 3).

To deal with temporal variation, we can predict LST for each of the 39
scenes and observe the spread of the predictions. Thus, because SCEN E was
a predictor in our model, scene-specific influences of environmental conditions
not captured in our population-level predictors can also be mapped to LST.
These include, for example, seasonal differences in the degree of cover of
arable land or in the foliage of deciduous trees. The predictors ET and

CW B were set to scene-specific values. Their spatial differences were not
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Figure 3: Change in predictor values before and after hypothetical measure implementa-
tion. The landscape structure metrics CAI and CIRC LE were also specified on the basis
of their current values and the values that can be expected after implementation. Mea-
sure “organic fertilization” does not fit into the scheme; its parameterisation is described

in chapter 2.3.5.
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considered, i.e., we passed spatial averages into the predictions. All other
predictors were assigned to fixed (static or mean) values (Fig. 3, second and
third row). Since we predict each scene in the temporal approach, backscaling
to actual LST values is possible. Accordingly, the differences in LST before
and after hypothetical measure implementation can be expressed in Kelvin.

We also assessed differences in measure effects between individual plots,
i.e., spatial variation. We therefore determined the values of the spatial
predictors for each plot, where the respective measure could be implemented
(App. Appendix C), both for the status quo and the expected state after
implementation of the measures. These values were then transferred to the
model prediction. This time, the values of the two climatic variables were
fixed at their temporal averages for each grid cell. Both group level variables
were not included.

In the final step, the predicted grid cell values were transferred to the
plots (spatial vectors) by calculating (area-weighted) averages. For measures
not covering the entire plot, weights were set according to the conditions
of the specific plot (App. Appendix C, spatial variation approach) or to
averages for our study area (Fig. 3, temporal variation approach). For
measure “agroforestry”, we assumed that 25% of the cropland is planted

with woody vegetation (Fig. 3).

2.3.6. Software

All calculations were performed with R (R Core Team, 2021). The GIS
algorithms required to localise the measures were programmed in GRASS
GIS (GRASS Development Team, 2022) with an R interface enabled by the R
library rgrass7 (Bivand et al., 2018). The LST data were processed also using
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GRASS GIS with R. For geospatial data processing, we used the libraries
rgdal (Bivand et al., 2023) and terra (Hijmans, 2023). Landscape structure
metrics were calculated with the library landscapemetrics (Hesselbarth et al.,
2019). For model building and prediction, we used the library brms (Biirkner,
2021). Plotting was done with the library ggplot2 (Wickham, 2016).

3. Results

3.1. Model performance

The model was run using eight chains, each with 2000 iterations, of which
1000 were used for warm-up. We fitted nearly 100 models using iterative
model building (Fig. 1, Gelman et al., 2020). Most earlier candidate models
had convergence problems (R > 2, divergent transitions). Model modification
included the switch from a Gaussian to a Student response distribution (with
identity link), the inclusion of several interaction terms, the switch from
correlated to uncorrelated group-level effects, the choice between the index-
variable approach and dummy coding of LU LC" and the use of several sub-
data sets from earlier post-stratification routines. The model used for post-
processing and prediction was chosen by posterior predictive checking and
model comparison among valid candidate models.

Convergence diagnostics for the chosen model indicate convergence with
R values smaller than 1.01 and effective sample sizes (much) greater than
400 (Tab. F.6, F.7, F.8). Only for two variables, sd(LULC class 10) (F.6)
and ET (F.7), the R was 1.01. Since this deviation from the target R value
is very small, the effective sample size is large enough and the trace plots do

not show any peculiarities, we do not consider this to be overly problematic.
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Posterior predictive checks using the validation data also reveal good
model fit: the model generated data resemble the observed validation data
(Fig. F.7). However, due to the predictive uncertainty, the scatter in the
model simulations is considerable (the y,., in Fig. F.7). Therefore, we per-
formed the predictions with at least 100 draws to reduce uncertainty in the
estimated means.

The goodness of model fit can further be determined by the Bayesian
version of the R?, which is defined as the variance of the predicted values
divided by the variance of predicted values plus the expected variance of
the errors (Gelman et al., 2019). The Bayes R? value of 0.74 for the selected
model confirms a good fit, but a quarter of the variance remains unexplained.

Lastly, the use of the two alternative calibration subsets (Chpt. 2.3.4)
became noticeable only in the second decimal place of the estimated coeffi-
cients. Hence, the sampling approach we chose to reduce the overall data set

has resulted in consistent results.

3.2. LST as a function of the environmental conditions

The desired evaluation of adaptation measure performance is related to
the influence of each predictor on the target variable LST. To estimate vari-
able importance, we primarily use conditional effect plots, which visualise
the change in the target variable for given changes in predictor values. In
interpreting the results, we consider not only the effect size but also the es-
timation uncertainty, which is described by the confidence intervals for the
regression coefficients and the width of the posterior predictive distribution.

All population-level predictors affect LST, as indicated by confidence in-
tervals of the estimated coefficients that do not include 0 (Tab. F.7). An
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important variable is the potential evapotranspiration, which is positively
correlated with LST (Fig. 4). The tree cover density has a similarly large
effect on LST, but the correlation is negative: with larger tree cover, LST
decreases (Fig. 4). The other population-level predictors affect LST much
less (Fig. 4). The direction of their effects is negative, i.e. an increase in
the predictor value leads to a decrease in LST except for the imperviousness
density, which increases LST as expected.

Regarding the effect of the land-use/land-cover class on LST, the ranking
is as follows: Settlements and arable land appear warmer than forests and
fens, while grassland areas are in between. Dry grassland was predicted to
have a higher LST than fresh grassland and broad-leaved forest were the
coolest class among forest types. For arable crops, winter crops as well as
alfalfa were simulated slightly cooler than the summer crops. At the same
time, the simulations come with wide confidence intervals. For example, the
upper part of the posterior distribution of forests overlaps with the lower
part of the posterior distributions of the warmer classes.

The relationship between landscape structure and LST was considered
including the core area index (CAI) and the related circumscribing circle
(CIRCLE) into the model. C'AI describes area and shape of a landscape
patch simultaneously: large and compact patches have larger core area. The
parameter C'I RCLE characterises the compactness of a patch. The LST
response to C'AI differs among the land-use classes (Tab. F.8, Fig. 5).
While in settlements and agricultural areas a larger core area coincides with
an increase of the predicted LST, the opposite is true for forests and fens

(Fig. 5). Particularly pronounced influences of C'AI on LST are predicted for
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Figure 4: Change of the predicted scaled LST where the predictors shown are varied
between their 5th and 95th percentile. Central is mid-range, which we used as a measure
of central tendency. All predictors except the one shown were fixed at their mean. The
predicted values are drawn from the posterior distribution, taking into account scene- and
ID-specific deviations in the intercepts. The bars indicate the confidence intervals of the

predicted LST.
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the land-use classes fens and settlements. For legumes, winter grain and dry
grassland, the uncertainty of the estimation does not allow a clear assessment
(Tab. F.8). The influence of CIRCLE on the LST is much smaller than
that of CAI (Fig. 4).

We used the climatic water balance of the month before a satellite over-
flight (CW B), as a simple drought indicator. We expected that the LULC
class modulates the LST response to this variable (Chpt. 2.3.2). In fact,
LST in settlements and fresh grassland does not seem to respond to drought
situations, while for all other LULC classes, LST increases with lower water
availability, Fig. 5). It is noteworthy that especially the arable crops react
very differently to this factor, with legumes and sunflowers being particularly
sensitive (Fig. b).

Considering all population-level predictors together and given the data
and model at hand, a ranking of predictor importance can be established
(Tab. 4). This ranking is confirmed by valid earlier model candidates. For
example, KT and T'C'D were important in all of them.

The model also includes the group-level predictors SCENE and ID.
They account for the fact that some of the variance can be attributed to the
temporal and spatial groups in our data. The importance of these predictors
is given by the intra-class correlation (ICC), which can be interpreted as
the proportion of explained variance that is due to the group-level effects.
Hence, if the ICC is close to 0, the grouping contains no information. If, on
the other hand, it tends towards 1, all observations in a group are identical
(Gelman and Hill, 2006). In our model, the ICC is 0.22 with a 95% confidence

interval of [0.1 0.31] — the grouping definitely contains information. When we
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Figure 5: Conditional effects plots for LULC (a), the interaction between LULC and CAI
(b), and the interaction between LULC and CWB (c). Plot (a) shows the predicted scaled
LST for each LULC class, while plots (b) and (c) illustrate the change of the predicted
scaled LST where CAI and CWB, respectively, are varied between their 5th percentile,
central, and 95th percentile. All other predictors were fixed to LULC-specific means. The
predicted values are drawn from the posterior distribution, taking into account scene- and
ID-specific deviations in the intercepts. The bars indicate the confidence intervals of the

predicted LST.
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Table 4: Classification of predictor importance based on the magnitude of the LST change
(Figs. 5, 4) and on the credible intervals of the parameter estimates (App. Appendix F)

Predictor Land-use/land-cover class Importance
H' M2 L3

Potential evapotranspiration X

Climatic water balance Settlements X
Arable land: alfalfa X
Arable land: legumes X
Arable land: maize X
Arable land: sunflower X
Arable land: winter cereals X
Arable land: winter rape X
Grassland: fresh X
Grassland: dry X
Forest: broad-leaved X
Forest: coniferous X
Forest: mixed X
Fens X

Land-use/land-cover class X

Tree cover density X

Imperviousness density X

Core area index Settlements X
Arable land: alfalfa X
Arable land: legumes X
Arable land: maize X
Arable land: sunflower X
Arable land: winter cereals X
Arable land: winter rape X
Grassland: fresh X
Grassland: dry X
Forest: broad-leaved X
Forest: coniferous X
Forest: mixed X
Fens X

Related circumscribing circle X

Aval. water holding capacity X

Terrain elevation X

1 H: High - scaled LST difference > 0.1 and confidence intervals do not include 0
2 M: Medium - scaled LST difference [>0, <0.1] and confidence intervals do not include 0

3 L: Low - scaled LST difference — 0 and confidence intervals include 0
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calculate the ICC separately for each group-level predictor, their contribution
is similar: an ICC of 0.13 (CI 95% [0.03 0.21]) for ID and 0.11 (CI 95% [-
0.02 0.22]) for SCENE. Note that the ICC is more uncertain for SCENE
than for /D as indicated by the confidence interval for the ICC containing 0.
The importance of the two predictors is further supported by the confidence

intervals for their standard deviation estimates (Tab. F.6).

3.8. Assessment of adaptation measures’ performance

3.3.1. Temporal variation of cooling effects

We first consider the measure effect, taking into account its temporal
variation. We therefore predicted the status quo and the new state after
hypothetical measure implementation for each scene with its specific climatic
conditions, but with spatial averages for all other predictors. The resulting
ranking of measures is based on their average effect in time, ignoring spatial
variation among plots (Fig. 6).

The three most effective measures, with average cooling capacities of 3
to 3.5 K, require a change in land use - from cropland or urban wasteland
to forest or from grassland to fens (Fig. 3; note that the measure “wet
meadows” is parameterised as fens). The remaining measures achieve an
average cooling effect of up to 2 K (Fig. 6). They are associated with a
reduction in surface sealing, an increase in soil water holding capacity, the
installation of tree rows or groups and a change from dry to fresh grassland
(Fig. 6).

Measure “reforestation of degraded forest patches” ranks in the lower end,
which is most likely due to the low average portion of degraded forest patches

within a forest stand (Fig. 3). The effect of organic fertilisation also appears
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Figure 6: Predicted cooling effects of the adaptation measures, temporal variation (a) and

spatial variation (b).
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to be quite limited, since the associated increase in water holding capacity is
limited (Chpt. 2.3.5) and, in addition, the influence of the predictor AWC on
the LST is also rather moderate (Fig. 4). The measure “cultivation of deep-
rooting arable crops” shows no effect at all, which can be explained by our
choice of crops in the simulated crop rotations: both the conventional and
the measure-specific crop rotations contain crops with higher LST (legumes

in the conventional and sunflowers in the specific rotation, see Fig. 5).

3.3.2. Comparison with spatial variation of cooling effects

We also assessed differences in measure effects between individual plots,
i.e., spatial variation. This time, we set the climatic parameters to their
spatially varying temporal averages and implemented the other predictors
into the predictions according to their plot-specific expressions before and
after implementation of the measures (Chpt. 2.3.5).

The performance ranking for the three most efficient measures remains
unchanged for the spatial approach compared to the temporal approach (Fig.
6). Some slight differences in ranking characterise the remaining measures.
Particularly noteworthy are the numerous outliers in the direction of both
higher and lower effectiveness, especially for the measures “afforestation of ur-
ban brownfields”, “tree rows in settlements”, “forest conversion”, “landscape
structure elements” and “reforestation of degraded forest patches”. This wide
variation in the impact of these measures is the result of the different sources
of spatial variation (Tab. G.9). For instance, the range of area share of the
measure landscape structure elements is extremely wide, between slightly
above 0 and nearly 100% of a plot that could accommodate this measure.

The spatial approach to measure evaluation accounts for plot-specific
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differences in predictor values for mean climatic conditions. It is therefore
most suitable for deciding where which measure should be implemented most
appropriately. The time-varying prediction can then be used to incorporate
possible seasonal and climatic effects into the evaluation.

When comparing the contributions of both sources of variation, the fol-
lowing picture emerges: for most measures, the contribution of spatial vari-
ation is larger than that of temporal variation (Tab. G.9). However, in the
case of measures related to agriculture, the opposite is true, which is already
indicated by the large importance of the group-level effect SCENE (App.
F.6) on the LST footprint of many crops. Seasonal differences in crop growth

and cover could explain this observation.

4. Discussion

4.1. Drivers of land surface temperature

Our analysis revealed settlements as the warmest LULC class, warmer
than forests or cropland. This is a widely supported finding, with corre-
sponding examples from all around the world (e.g. Alavipanah et al., 2015;
Das et al., 2020; Seeberg et al., 2022; Wickham et al., 2012). Here, the dom-
ination of surfaces from which only ponding water can evaporate leads to a
significant turnover of radiation into sensible heat, with increasing tempera-
ture as a consequence. Using light colours on building walls and roofs is an
ancient technique to increase the albedo and thus reduce the turn-over to-
wards higher reflectance in regions that suffer from high temperatures during
sumier.

In vegetated areas, evapotranspiration governs the energy conversion at
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the land surface (Sheil, 2018). Also in our study, E7T" was identified as the
dominating factor influencing LST. This relation finds a counterpart in the
close relationship between solar radiation and LST found by Bertoldi et al.
(2010), as solar radiation is one of the key factors affecting potential evapo-
transpiration (Priestley and Taylor, 1972). The ability of a land surface to
evaporate or transpire water is a primary characteristic that governs LST.
Consequently, sealing or unsealing of land has a significant influence on LST
(e.g. Song et al., 2014; Seeberg et al., 2022). In our study, this is evident in
the positive correlation between imperviousness density and LST. Similarly,
research has shown that densely clustered vegetation patterns are more ef-
fective at reducing LST than scattered ones (Fan et al., 2015; Kim et al.,
2016). We found that for most land-use classes, the core area index, which
describes both patch size and shape, exerts a strong effect on LST. The addi-
tional inclusion of CI RC'LE, which characterises patch compactness, in the
modelling appears less important.

Using the group-level variables SCENE and I D, we included additional
error terms in the model. They account for the hierarchical nature of the
data: each pixel belongs to a particular unit in space (e.g., all pixels in a
field or forest stand) and to one of the 39 satellite scenes. Their proven sig-
nificance suggests that the sometimes substantial differences in LST between
LULC classes do not occur everywhere (predictor ID) or at all times (pre-
dictor SCENE). Using them in the model also helps to compensate for the
fact that not all factors affecting LST could be included in the model. For
example, the predictor “tree cover density” is actually variable over time, but

was implemented as a static variable (Tab. 2). Since SCENE was used to
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estimate a scene-specific intercept for each LULC class, this temporal vari-
ance can thus be accounted for to some extent. In general, the inclusion
of the group-level predictors resulted in a more realistic representation of
uncertainty in the model estimates of population-level effects. For instance,
if we had calculated the confidence intervals in the conditional effects plots
without taking group-level effects into account, the overlap among the LULC

classes (Fig. 5) would not have emerged.

4.2. Adaptation measure efficiency

In many studies devoted to understanding LST, the focus is on mitigation
of urban heat islands (e.g. Alavipanah et al., 2015; Seeberg et al., 2022; Selim
et al., 2023). In our study, we transferred these approaches to rural areas to
predict adaptation measure effectiveness. Seeberg et al. (2022)’s approach to
evaluating the success of heat stress interventions and Selim et al. (2023)’s
work on the cooling potential of green spaces took a similar approach in the
urban context, albeit retro- rather than prospective.

The temperature regime of forests is known to be cooler during summer
as compared to the open agricultural landscape (Mittrich, 1897; Ghafarian
et al., 2022). Due to the large influence of tree cover density and LULC class
on LST, those measures that significantly increase tree cover or result in a
change in LULC class are ranked highest. Consequently, the effectiveness of
measures “agroforestry” and “landscape structure elements” increases with a
greater density of these elements. For example, if the agroforestry strips were
placed every 24 m, this would result in an increase of the cooling effect to 1.1
K on average. Ghafarian et al. (2024) analysed small woody features in an

agricultural landscape close to our study site and concluded that a significant
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LST decrease was identified when trees or woody vegetation patches had a
distance smaller than 75 m. Conversely, reducing tree cover densities — in our
parameterisation, tree cover was set to the maximum possible values (Fig.
3) — would significantly reduce the cooling effect. This suggests that a closed
canopy and a high density of the woody vegetation elements are particularly
important for these measures to be effective.

In contrast, measures have a lower effectiveness if the importance of the
predictors was only moderate, such as IMD and AWC (Tab. 4). Among
those are measures “organic fertilisation” and “unsealing” with subsequent
establishment of a grass cover (Fig. 6). Moreover, if the only change in
predictor values is among subclasses of LULC on parts of the plots (mea-
sures “ditch water management” and “supporting sills”, Fig. 3), the cooling
effect appears limited (Fig. 6). A somewhat different picture could emerge
if these water management measures were located on arable land and could
contribute to better water supply for crops, e.g. by controlled drainage sys-
tems that allow water retention when dry periods are expected, and drainage
when high soil moisture levels hamper field traffic or crop growth. However,
this assessment was not possible in this study, since the NDMI, which we used
as proxy for groundwater influence, depends not only on the water supply,
but also on the crop type. Our database was too limited to further elaborate
these aspects.

The predicted cooling effects per measure (Fig. 6) cover a wide range,
which furthermore depends on the season. For example, the cooling effect
of measures that increase the proportion of trees is lower in May and/or

in September than in the summer months (Fig. H.8). Reasons for this
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observation are the seasonality of the drivers for evapotranspiration and of
the presence of leaves — the primary transpiring organs — on the deciduous
trees and shrubs. Similar to the day/night conversion of the cooling effect
(Peng et al., 2014), dense vegetation turns into a warmer environment in
winter, due to heat storage in the tree mass, limited long-wave radiation, and
ceased transpiration (Zellweger et al., 2019). The effect of improved water
retention with the measures “ditch water management” and “supporting sills”
seems to generally decrease towards September, which is again related to the
decrease in evapotranspiration, but most likely also to the decrease in ditch-
and groundwater levels as the summer progresses. Due to the limited number
of available thermal scenes, these seasonal results should be interpreted with
caution. However, they support that the cooling effect of a measure varies
over time and that this time component varies for individual measures.

The plot-specific assessment can indicate where which measures should be
prioritized in terms of benefits. If the aim is to achieve an even distribution of
cooling effects over the course of the year, or if a cooling effect is particularly
relevant in the summer months, for example, the seasonal differences in the
measure performance would also be of interest for practical implementation.
We leave it to further research to explore this approach in more detail.

Of course, other criteria need to be taken into account in addition to
effectiveness, such as costs, synergies with nature conservation, or local con-
straints. In a cost-benefit analysis of water retention measures, which also
covered eastern Germany, it was determined that measures in croplands pay
off the most (Susnik et al., 2022). The results we have presented focus on

the benefit side, while the inclusion of costs represents the next step.
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4.83. Reliability of statistical LST-based measure evaluation

The use of satellite data of LST has limitations. The Landsat 8 Collection
2 Level 2 thermal data are transferred into LST using emissivity data by the
ASTER Global Emissivity data set (ASTER GED). The ASTER GED, in
turn, is a product that gives a long-term emissivity per pixel over the period
2000 to 2008, which was derived from vegetation cover, among other things.
If there was a land cover change between this period and 2013, when the
first LST data sets became available, then incorrect emissivities were used.
This may then cause erroneous LST data. Masking this data beforehand,
e.g. by identifying changes in the NDVI, could remove this inaccuracy but
was beyond the scope of our analysis. Another limitation of the satellite
data is their fixed return interval, which is at 10 AM in our study area. This
overflight time does not correspond to the time of day when evaporation
normally reaches its maximum. Therefore, the reported LST differences in
response to the measures are strictly valid only for this time window, while
they will be lower or higher at other times.

The success and reliability of the statistical modelling heavily depend on
the decisions made throughout the process from data acquisition, model de-
velopment, to model prediction. Among those are the choice of the population-
and group-level predictors, interaction terms, response families, priors etc.
It is particularly important to emphasise that a whole range of options is
already available when selecting the model tool. For example, a machine
learning (ML) approach could have been chosen as an alternative way for pre-
dicting adaptation measure performance. We decided against ML because we

put emphasis in model interpretability and uncertainty understanding (Gross
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et al., 2020). However, it is quite possible that the predictive performance
can be improved by choosing ML, because e.g. it omits the specification of
interaction terms. It would certainly be interesting to compare alternative
approaches in a separate study.

Another point regarding the reliability of the results addresses the pa-
rameterisation of model predictions. Due to the inevitable simplification of
reality, parameterisation comes with numerous assumptions and limitations.
For instance, existing hedgerows and trees on arable land are not included in
our land cover database (App. Appendix B). Consequently, the LST for the
status quo of arable land might be overestimated in the presence of linearly
shaped woody vegetation. Furthermore, we assigned a core area index of 0
for measures “agroforestry” and “landscape structure elements”, which rep-
resents an extrapolation since the model data set does not contain such low
CAI values (Tab. 2). The resulting potential error is 0.4 K at maximum,
as indicated by predictions for these measures using the lowest C'AI in the
model data set. Given these and other uncertainties, we have avoided making
sharp distinctions in interpreting the measures’ ranking.

To conclude, the presented model is not a final one and can and should
be updated when more information becomes available. This relates both to
the satellite scenes as well as to the geospatial data that serve for predictor
derivation. The limited importance of the water-holding capacity of the soil
on LST might also be related to the coarse map resolution and classification
of originally numerical values in the thematic soil map, which was used to
derive AWC' (Fig. 2). Still missing information such as seasonality of tree

cover density and more finely resolved data on soil water retention could be
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incorporated in future model candidates.

5. Conclusion

Our analyses confirmed that the process of evapotranspiration by veg-
etation and enhanced water retention are major contributors to local land
surface cooling. The quality of the model output was shown to be suitable
for the desired ex-ante assessment of the impact of climate adaptation mea-
sures. With the included predictors and the fitted model, a large part of the
variance in land surface temperature could be explained. The most impor-
tant predictors were the potential evapotranspiration, the tree cover density,
and the land-use/land-cover (LULC) class. Both landscape structure and
drought severity (predictor CW B) influenced LST but only for some LULC
classes. The other predictors are of moderate to minor importance in our
rural study region.

By implementing nature-based climate adaptation measures, evapotran-
spiration and water retention can be influenced if the measures are designed
in such a way that they strengthen these processes. This includes, firstly, the
introduction of plants into land use systems that have a high evapotranspi-
ration capacity. These include woody plants in particular. Since evapotran-
spiration is an area-based process, the amount of area that can be provided
with woody plants is crucial for their cooling effect. Adequate water sup-
ply is also critical to evapotranspiration. If water retention in the landscape
can be improved, for example by wetland restoration, largely unrestricted
evaporation is ensured even in summer, which also results in high cooling

performance. Some of the measures we have considered show only a minor
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effect, which is mainly due to only a gradual change of a plot’s condition (e.g.
change of a LULC subclass compared to a LULC class), a low area coverage
of the measure, or the subordinate importance of the predictors that can be
influenced by the measure.

With our approach, climate change adaptation measures can be evaluated
before their implementation and in a spatially differentiated manner. By
including multiple satellite scenes in the analysis, it is also possible to take
into account the temporal dynamics of the cooling effects within the course
of the year. The parallel evaluation of different measures is a valuable tool
for decision support on climate adaptation. The results can be applied to
the different land use sectors to select the most promising measures for a
given area. In addition, they can be used in spatial planning and in the

management of subsidy allocations.
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Appendix A. Processing of satellite data

This part of the appendix presents the general processing steps of Landsat
8 satellite scenes to land surface temperature (LST) and normalised difference
moisture index (NDMI) scenes. They serve as a basis for determining the
cooling effect of individual measures in the form of a statistical model.

At the beginning, the objective of the processing is defined and the differ-
ent input products are named. The processing steps are numbered. If more
profound steps are necessary, they are underlined with further key points.
The final step is the description of the data output. All data was processed
with GRASS GIS 8.0.2 (incl. addons).

Appendiz A.1. Thermal images

o Target: Thermal images with scaled temperature as input for statis-

tical modelling
o Data input:

— Vector: Study area
— Raster: Landsat 8 Collection 2 Level 2 band 10 (30x30 m)

— Raster: Landsat 8 Collection 2 Level 2 Pixel Quality Assessment
Band (QA band) (30x30 m)

e Processing steps:

1. Removing cloud shadows:
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1062 — Classify the QA band according to corresponding pixel qual-

1063 ity: cloud_ confidence: Medium, High; cloud shadow_ con-
1064 fidence: Medium, High; cirrus_confidence: Medium, High
1065 (GRASS GIS Addon: i.landsat.qa)

1066 — Reclassification of the Quality Assessment Band with the cre-
1067 ated category values of the previous step

1068 — Mask satellite scene

1069 — Median (3x3) and average (27x27) filters to remove missing
1070 classification (cloud shadows etc.) and to account for the
1071 original 100 x 100 m resolution of the thermal scene

1072 2. Converting the cell values to temperature (°C) using the included
1073 meta file

1074 3. Clip of the satellite scene by study area

1075 4. Rescaling of the temperature with min-max feature scaling

e LST,,.;. — — LST—min(LST)

max(LST)—min(LST)
1077 e Data Output:

1078 — Raster: 39 satellite scenes with LSTscale values (30x30 m)

e Appendiz A.2. Normalised Difference Moisture Index (NDMI)

1080 o Target: Processing of spectral bands in NDMI scenes for categorisa-
1081 tion of grassland.

1082 o Data input:

1083 — Vector: Study area
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— Raster: Landsat 8 Collection 1 Level 2 band 5 (30x30 m)
— Raster: Landsat 8 Collection 1 Level 2 band 6 (30x30 m)

— Raster: Landsat 8 Collection 1 Level 1 Pixel Quality Assessment
Band (QA band) (30x30 m)

e Processing steps:

1. Removing cloud shadows:

— Creating a cloud mask from QA band using the USGS un-
pack_collection_ qa software (—cloud__shadow=med —cirrus=med

—cloud__confidence=med)
— Mask satellite scene

— Median (3x3) and average (5x5) filters to remove missing clas-
sification (cloud shadows etc.) and aiming to fill small voids

and add 2-cell margin to to-be-masked areas

2. Calculation of the NDMI:

_ NIR-SWIR __ Band5—Band6
NDMI = NIR+SWIR =~ Band5+Band6

3. Clip of the satellite scene by study area

o Data Output:

— Raster: 39 satellite scenes with NDMI values (30x30 m)

Appendix B. Updated land cover map

A uniform area basis is required to determine potential implementation

areas for individual measures. The subdivision into plots is based on uniform
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land cover or land use (e.g. arable land). The biotope mapping of Branden-
burg from 2009 was available as a data basis. Due to its age, this map was
updated with further (mostly spatially coarser or spatially incomplete) data.
Linear features such as hedgerows are not included in the updated land cover
map.

As in chapter Appendix A, this part is divided into target, data input,
processing steps and created output. The data was processed with GRASS
GIS 8.0.2 (incl. addons)

o Target: Area basis for subsequent localization and measure evaluation.

Partial areas are derived from uniform land cover.
e Data input:

— Vector: Study area

— Vector: Biotop and land-use mapping of the federal state of Bran-
denburg (Germany)

— Vector: Land cover model of Germany 2018

— Vector: Agricultural land-use data of the federal state of Bran-

denburg (Germany) 2020

— Vector: Soil score for agricultural land of the federal state of Bran-

denburg (Germany)

— Raster: Copernicus high resolution layer imperviousness density

(IMD) 2018 (10x10 m)

— Raster: Copernicus high resolution layer tree cover density (TCD)

2015 (20x20 m)
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— Raster: Copernicus high resolution layer tree cover density (TCD)

2018 (10x10 m)

— Raster: Digital elevation model (DEM) of the federal state of

Brandenburg (Germany) (1x1 m)

— Raster: Mean groundwater level map of the federal state of Bran-

denburg (Germany) (250x250 m)

e Processing steps:

1. Processing biotope and land-use mapping

Tailoring biotope mapping to study area

Translate biotopes to BIOTOP CODE

2. Processing land cover model of Germany 2018

Tailoring land cover model to study area

Extract solar parks: Select energy production plants and ex-

tract solar parks by visual matching and manual correction

Update of the attribute column BIOTOP CODE for solar

plants
Inserting the solar plants in basemap

Transfer resulting splinter polygons into larger neighbour poly-

gons (Threshold area < 1000 m?)
Extract water surfaces

Update of the attribute column BIOTOP CODEFE for water

surfaces

Inserting the water surfaces in basemap
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1151 — Transfer resulting splinter polygons into larger neighbour poly-

1152 gons (Threshold area < 1000 m?)

1153 3. Processing agricultural land-use data 2020

1154 — Tailoring agricultural land-use data to study area

1155 — Standardise the area information on arable land (value=1)
1156 and permanent grassland (2)

1157 — Translation of BIOTOP_CODE into arable land (1) and
1158 permanent grassland (2)

1159 — Rasterise of the basemap und agricultural land-use data ac-
1160 cording to arable land and permanent grassland

1161 — Calculate of the difference of agricultural use of both rasters:
1162 Agrarg;pp = 10Basemap _ 1pAgrar

1163 — assign the 50th percentile of the Agrarg; sy value to polygons
1164 of the basemap

1165 — Translation of Agrarg s to final BIOTOP CODE und land-
1166 use change

1167 4. Deriving the land use/land cover classes 1 - 22 from BIOTOP_CODE
1168 (LUC)

1169 5. Determine the average degree of sealing from IMD 2018 for each
1170 subarea of the basemap and convert to polygons (SEALING)
171 6. Transfer average German soil quality index into basemap (AGRAR _INDEX)
172 — Rasterise soil score for agricultural land by soil quality index
173 — Determine the mean soil quality index per polygon for the
174 arable and grassland areas of the basemap
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1175

1176

1177

1178

1179

1180

1181

1182

1183

1184

1185

1186

1187

1188

1189

1190

1191

1192

1193

1194

1195

1196

1197

— If there is no soil quality index, determine and use the modal

value of arable and grassland areas of the district separately
7. Transfer mean depth of groundwater level to basemap (GW_DEPTH)

— Resample DEM to 250x250 m with the method average (res-
olution of the groundwater map)

— Calculate depth of groundwater table:
GWiepth = DEM — GWrrena

— Transfer median of groundwater depth into basemap for all

polygons
« Data Output:

— Vector: Basemap with attribute columns: AREA, BIOTOP_ _CODE,
LUC, SEALING, AGRAR INDEX, GW_DEPTH

Appendix C. Localisation of measures

To determine the cooling effects of individual measures, potential areas
must be detected. Measure-specific processing steps and threshold values
were defined on the resulting partial areas of chapter Appendix B. Locali-
sation is based on technical and not on economic considerations.

As in chapter Appendix A and Appendix B, the sections are divided into
target, data input, processing steps and created output. The data was pro-

cessed in GRASS GIS 8.0.2 (incl. addons) and R 4.2.0 (R-library: rgrass7).

Appendixz C.1. Localisation: arable land
Agroforestry systems (alley cropping)
e Data input:
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1198 — Vector: Land cover map (Appendix Appendix B Updated land

1199 cover map)
1200 e Processing steps:
1201 — Extract all arable land from basemap with BIOTOP_CODE

1202  Data Output:

1203 — Vector: Potential areas for agroforestry systems

s Cultivating deep-rooted crops

1205 e Data input:

1206 — Vector: Land cover map (Appendix Appendix B Updated land
1207 cover map)

1208 o Processing steps:

1209 — Extract all arable land from basemap with BIOTOP_CODE

1210 « Data Output:

1211 — Vector: Potential areas for deep-rooted crops

212 Landscape structure element

1213 Since the resolution of the Corine Tree Cover density grids are too coarse,
1214 this does not allow conclusions to be drawn about existing hedge structures.
215 With the help of a digital surface model (bdom) this circumstance could be

116 counteracted.

1217 e Data input:

63



1218 — Vector: Land cover map (Appendix Appendix B Updated land

1219 cover map)

1220 — Vector: Building outlines

1221 — Vector: Location of wind turbines

1222 — Vector: Roads and paths

1223 — Vector: Ditches

1224 — Vector: Study area

1225 — Raster: Digital elevation model (DEM) of the federal state of
1226 Brandenburg (Germany) (1x1 m)

1227 — Raster: Image based digital surface model (DSM) of the federal
1228 state of Brandenburg (Germany) (1x1m)

1229 e Processing steps:

1230 1. Extract all arable and grassland areas from Basemap with BIOTOP_CODE
1231 2. Identification of possible hedge locations

1232 — Removing short ditches (length < 30m)

1233 — Buffer roads/paths/ditches to 10 m (equivalent to removing
1234 hedges from roads/paths/ditches)

Overlap of roads/paths/ditches areas with cropland and grass-

1235

1236 land areas from 1st step

1237 — Convert roads/paths/ditches areas into lines
1238 — Remove lines at borders to forest polygons
1239 — Remove lines at borders to study area
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1240

1241

1242

1243

1244

1245

1246

1247

1248

1249

1250

1251

1252

1253

1254

1255

1256

1257

1258

1259

1260

1261

1262

3. Determination of vegetation heights > 2m in the study area

Calculation of the height of objects:

Highovjeet = DEM — DSM

Remove houses (with buffer of 2m to counteract inaccuracies)
from the Highopject map

Removal of wind turbines (with buffer of rotor radius and 5m

for inaccuracies)
Extract of all object heights > 2m

Resample (method = sum) and normalise to 30x30 m raster

4. Identifying existing hedges

Extract all arable, grassland and woodland from Basemap

with BIOTOP_CODE

Rasterise of subareas with values 1 (arable & grassland) and

2 (forest areas)

Resampling to 30x30 m according to minimum

Resampling to 30x30 m according to maximum

Create a new raster without arable/grassland to forest border:
Min — Mazx ==

Extract of cells from arable/grassland without forest edge

with vegetation height > 2m

5. Removal of existing hedges

6. Removing hedge lengths < 30m

7. Sum hedge lengths per polygon
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1263

1264

1265

1266

1267

1268

1269

1270

1271

1272

1273

1274

1275

1276

1277

1278

1279

1280

1281

8. Determine proportion of hedge length to total area (assumption

hedge width is 7.5 m): HEDGE_REL = 7.5 hedgelength/area

e Data Output:

— Vector: Potential areas for landscape structure element with at-

tribute column: HEDGE REL

Organic fertilisation

o Data input:

— Vector: Land cover map (Appendix Appendix B Updated land

cover map)
e Processing steps:
— Extract all arable land from basemap with BIOTOP_ CODE
« Data Output:

— Vector: Potential areas for organic fertilisation

Converting arable land into permanent grassland

e Data input:

— Vector: Land cover map (Appendix Appendix B Updated land

cover map)
e Processing steps:

— Extract all arable land from basemap with BIOTOP_CODE
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1282  Data Output:

1283 — Vector: Potential areas for permanent grassland

s Afforestation of marginal arable land

1285 o Data input:

1286 — Vector: Land cover map (Appendix Appendix B Updated land
1287 cover map)

1288 e Processing steps:

1289 — Extract all arable land with AGRAR INDFEX < 23 from basemap
1290 with BIOTOP CODE

1201 « Data Output:

1202 — Vector: Potential areas for afforestation

o3 Appendix C.2. Localisation: forestry

o  Fcological forest conversion

1205 o Data input:

1296 — Vector: Land cover map (Appendix Appendix B Updated land
1297 cover map)

1208 — Vector: Forest site characteristics map of the federal state of Bran-
1209 denburg (Germany)

1300 o Processing steps:
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1301

1302

1303

1304

1305

1306

1307

1308

1309

1310

1311

1312

1313

1314

1315

1316

1317

1318

1319

1320

1321

1322

1. Extract areas of coniferous and mixed forest (excluding natural
coniferous and mixed forests) from basemap with BIOTOP_CODE
(deciduous forests have no conversion potential)

2. Rasterise Forest site characteristics map by nutrient level

3. Determine the modal value of the nutrient level (FOREST NUTRIENT)
per subarea

4. If no value for nutrient level can be determined, modal value of
the project region is used

5. Comparison of actual state (BIOTOP_CODE) with target type
FOREST TARGET (derived from nutrient level), extract of

areas worse than target type

o Data Output:

— Vector: Potential areas for ecological forest conversion with at-

tribute column: FOREST NUTRIENT, FOREST TARGET

Reforestation

e Data input:
— Vector: Land cover map (Appendix Appendix B Updated land
cover map)

— Vector: Forest site characteristics map of the federal state of Bran-

denburg (Germany)

— Raster: Copernicus high resolution layer tree cover density (TCD)

2015 (20x20 m)
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1323 — Raster: Copernicus high resolution layer tree cover density (TCD)

1324 2018 (10x10 m)

1325 e Processing steps:

1326 1. Determine thinned forest area

1327 — Creating a grid where the difference of TCD is at least 25%.:
132 25Dif f = TC Dogrs — TCDaprs > 25

1320 2. Extract forest areas from basemap with BIOTOP_ CODE

1330 3. Determination of the thinned area per subarea (FOREST _THIN)
1331 4. If thinned area > 0 then tree species selection for reforestation as
1332 in forest conversion

1333 — Rasterise Forest site characteristics map by nutrient level

1334 — Determine the modal value of the nutrient level (FOREST _NUTRIENT)
1335 per subarea

1336 — If no value for nutrient level can be determined, modal value
1337 of the project region is used

1338 — Comparison of actual state (BIOTOP_CODE) with target
1339 type FOREST TARGET (derived from nutrient level), ex-
1340 tract of areas worse than target type

1341 5. Determine tree cover density in thinned forest area: if 25Dif f
1342 then T'C'Doygig

1343 6. Transferring the tree cover density into partial areas TCD_THIN
1344 7. Determine tree cover density in remaining forest stand: if not
1345 25Dif f then T'C' Dogig

1346 8. Transferring the tree cover density into partial areas TCD__REM AIN
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1347

1348

1349

1350

1351

1352

1353

1354

1355

1356

1357

1358

1359

1360

1361

1362

1363

1364

1365

1366

1367

1368

e Data Output:

— Vector: Potential areas for reforestation with attribute column:

FOREST _THIN, FOREST NUTRIENT, FOREST TARGET,
TCD_THIN,TCD_REMAIN

Appendiz C.3. Localisation: nature conservation

Restoration of wet meadows

e Data input:

— Vector: Land cover map (Appendix Appendix B Updated land

cover map)

— Vector: Ditches

— Raster: Digital elevation model (DEM) of the federal state of

Brandenburg (Germany) (1x1 m)

e Processing steps:

1.
2.

Extract grassland from basemap with BIOTOP_CODEFE
Extract polygons with GW__STAND < 2m
Determine areas with ditches

— Buffering the ditches with 5 m

— Select partial areas overlaid with buffer of ditches

Determination of areas where at least one seal (closure of the

ditch) must be placed
— Extract points with 10 m spacing from ditches (line)

— Assign height from DEM for each point
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1369

1370

1371

1372

1373

1374

1375

1376

1377

1378

1379

1380

1381

1382

1383

1384

1385

1386

1387

1388

1389

1390

Determination of subsets of points overlapping with grassland

areas

Determine points with minimum and maximum height for

each ditch section per grassland area

Determine the number of seals per ditch section. 0.2 m is the

tolerable fluctuation range of the groundwater level

_ max(height)—min(height)
N SEAL = ght) —min(heig

Sum up the number of seals per subarea

Extract of the partial areas with N SFEFAL > 0

5. Determination of the area on which the measure has an effect

Rasterise the ditches and assign height from the DEM to each

cell through which a ditch passes

Determine the 90th percentile from the ditch grid for each
partial area
Create raster of effective area per subarea:

DEM — Percentilegy < 0.2

Resample the grid to target resolution of 30x30 m with the

method average

« Data Output:

— Vector: Potential areas for restoration of wet meadows with at-

tribute column: N SEAL

— Raster: Impact area of the measure (30x30 m)
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1391

1392

1393

1394

1395

1396

1397

1398

1399

1400

1401

1402

1403

1404

1405

1406

1407

1408

1409

1410

1411

1412

Appendix C.4. Localisation: settlements

Afforestation of urban brownfield sites

o Data input:
— Vector: Land cover map (Appendix Appendix B Updated land
cover map)
— Vector: Study area
— Vector: Land cover model of Germany 2018
— Vector: Rail network
— Vector: Roads
— Vector: Building outlines
— Vector: Location of wind turbines

— Raster: Digital elevation model (DEM) of the federal state of

Brandenburg (Germany) (1x1 m)

— Raster: Image based digital surface model (DSM) of the federal
state of Brandenburg (Germany) (1x1 m)

e Processing steps:

1. Extract brownfields and ruderal areas from basemap with BIOTOP_CODE
2. Extract of settlement areas from land cover model in study area

3. Select brownfields and ruderal areas that overlap with settlement

areas

4. Since ruderal areas in settlement areas are often located along

roads and railroad tracks, these small areas must be removed
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1413

1414

1415

1416

1417

1418

1419

1420

1421

1422

1423

1424

1425

1426

1427

1428

1429

1430

1431

1432

1433

1434

1435

Tailoring rails and roads to study area
Buffering of these line vectors by 10 m

Remove polygons that are in the buffer

5. Removal of other narrow brownfields and ruderal areas, as they

are not suitable for reforestation

Buffer of the partial areas to the inside (-10 m)

Remove areas that are completely filled by the buffer

6. Removing areas with already existing trees

Calculation of the height of objects:

Highovjeet = DEM — DSM

Remove houses (with buffer of 2m to counteract inaccuracies)
from the Highopject map

Removal of wind turbines (with buffer of rotor radius and 5m

for inaccuracies)

Extract of all object heights > 3m

Resample (method = sum) and normalise to 30x30 m raster
Determine the median of the tree cover density (T'C'D) per
polygon

Extract of partial areas with TC'D < 0.5

e Data Output:

— Vector: Potential areas for afforestation of urban brownfield sites

Partial unsealing with grass stones

e Data input:
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1436

1437

1438

1439

1440

1441

1442

1443

1444

1445

1446

1447

1448

1449

1450

1451

1452

1453

1454

1455

1456

— Vector: Land cover map (Appendix Appendix B Updated land

cover map)

— Vector: Building outlines

e Processing steps:

1. Extract sealed parking spaces from basemap with BIOTOP_CODE

2. Subtract building area from sealed area

Determination of all buildings that overlap with polygons
— Determination of the building area
— Summing up the building areas per parking polygon

— Subtraction of building areas from sealed area:

Areaparking = AREA - SEALING — Areabuilding

3. Extract of polygons whose area sealed by parking lots is > 0

« Data Output:

— Potential areas for partial unsealing with grass stones

Tree groups in settlement areas

e Data input:
— Vector: Land cover map (Appendix Appendix B Updated land
cover map)
— Vector: Building outlines

— Raster: Digital elevation model (DEM) of the federal state of

Brandenburg (Germany) (1x1 m)
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1457

1458

1459

1460

1461

1462

1463

1464

1465

1466

1467

1468

1469

1470

1471

1472

1473

1474

1475

1476

1477

1478

1479

— Raster: Image based digital surface model (DSM) of the federal

state of Brandenburg (Germany) (1x1 m)

e Processing steps:

1.

Extract urban green areas (e.g. lawns, gardens, campsites, play-
grounds), residential areas, industrial and commercial areas, Pub-

licly owned land (e.g. schools, hospitals) from basemap

. Determination of existing trees (vegetation heights > 2m)

— Calculation of the height of objects:
Highopjeet = DEM — DSM

— Remove houses (with buffer of 2m to counteract inaccuracies)

from the Highopject map

— Extract of all object heights > 2m

Determine the summed tree canopy area per partial area

(TREEARFEA_ACTUAL)

. Allocation of additional tree cover (assumption: 60% of the un-

sealed area should be covered with trees):

TREEAREA NEW = (AREA — AREAx SEALING/100) *
0.6 —SUM_TREEPIXEL

Calculation of the number of additional trees (assumption: 1 tree
= 80m?)

Extract partial areas with at least one tree planting

Determine the current tree cover density (I'CD__ACTUAL) and
tree cover density after implementation (I'CD_AFTER):
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1480

1481

1482

1483

1484

1485

1486

1487

1488

1489

1490

1491

1492

1493

1494

1495

1496

1497

1498

1499

1500

_ (TREEAREA ACTUAL)
TCD ACTUAL = e

_ (TREEAREA _ACTUAL+TREEAREA_NEW)
TCD AFTER = AL

e Data Output:

— Vector: Potential areas for tree groups in settlement areas with at-
tribute columns: TREEAREA ACTUAL, TREEAREA_NEW,
TCD ACTUAL, TCD_ _AFTER

Tree rows along roads out of town € Tree rows in urban areas

o Data input:

— Vector: Land cover map (Appendix Appendix B Updated land

cover map)
— Vector: Roads
— Vector: Building outlines

— Vector: Tree avenues and rows

e Processing steps:

1. Identify possible areas for tree rows
— Bulffering roads with 8 m
— Convert buffer area to line
— Remove building areas from lines
— Extract lines longer than 8 m (8 m = 1 tree)

— Summing up the length of possible rows of trees per partial

area (POT _LENGTH)
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1501 2. Intersect existing tree rows/alley with partial areas and determine

1502 summed length per partial area (ACTUAL _LENGTH)

1503 3. Calculation of the number of new trees to be planted:

e N TREE — (POTiLENGTH—IZCTUALiLENGTH)

1505 4. extract polygons with N_ TREFE > 0

1506 5. Determine the current tree cover density (TCD__ACTUAL) and
1507 tree cover density after implementation (TC'D_AFTER):

1508 TCDiACTUAL — ACTUAL_ZENGTH-S-W

. TCD AFTER — ACTUAL_LENGTH{POT_LENGTH) 8w

4

1510 « Data Output:

1511 — Vector: Potential areas for tree rows with attribute columns:
1512 N TREFE, POT LENGTH,ACTUAL LENGTH,TCD ACTUAL,
1513 TCD AFTER

s Unsealing of urban brownfields

1515 e Data input:

1516 — Vector: Land cover map (Appendix Appendix B Updated land
1517 cover map)

1518 — Vector: Roads

1519 « Processing steps:

1520 1. Extract brownfields from basemap with BIOTOP CODE

1521 2. Subtract road areas from sealed areas

1522 — Buffering the roads by 10 m
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1523

1524

1525

1526

1527

1528

1529

1530

1531

1532

1533

1534

1535

1536

1537

1538

1539

1540

1541

1542

1543

— Summarise the area of the roads in the polygons

— Subtraction of road areas from sealed area:

Areaporking = AREA - SEALING — Arearoads

3. Extract of polygons whose area sealed by brownfields is > 0

« Data Output:

— Potential areas for unsealing of urban brownfields

Appendiz C.5. Localisation: water management

Active ditch water level management

e Data input:

— Vector: Land cover map (Appendix Appendix B Updated land

cover map)
— Vector: Farm dams

— Raster: Digital elevation model (DEM) of the federal state of

Brandenburg (Germany) (1x1 m)

e Processing steps:

1. Extract grassland and arable land from basemap with BIOTOP_CODE
2. Extract polygons with GW_STAND < 2m
3. Extract areas with farm dams

— Buffering of the farm dams with 10 m

— Select partial areas overlaid with buffer of farm dams

— Extract polygons with number of farm dams > 0
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1544

1545

1546

1547

1548

1549

1550

1551

1552

1553

1554

1555

1556

1557

1558

1559

1560

1561

1562

1563

1564

1565

4. Determination of the area on which the measure has an effect

Buffering of the dams with 2.5 m
Read height values from DEM for buffer area

Rasterise the farm dams and assign height from the DEM to
each cell through which the buffer area is located

Rasterise of the 10 m buffer areas of the farm dams from step
3

Determine and transfer the 90th percentile to the raster for
each farm dam

Calculation of maximum height for each arable and grassland
polygon from raster

Create raster of effective area per subarea:

DEM — Max < 0.2

Resample the grid to target resolution of 30x30 m with the

method average

o Data Output:

— Vector: Potential areas for active ditch water level management

— Raster: Impact area of the measure (30x30 m)

Installing supporting sills in inland ditches

e Data input:

— Vector: Land cover map (Appendix Appendix B Updated land

cover map)
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1566

1567

1568

1569

1570

1571

1572

1573

1574

1575

1576

1577

1578

1579

1580

1581

1582

1583

1584

1585

1586

1587

1588

— Vector: Ditches

— Raster: Digital elevation model (DEM) of the federal state of

Brandenburg (Germany) (1x1 m)

e Processing steps:

1. Extract grassland and arable land from basemap with BIOTOP_CODE

2. Extract polygons with GW__STAND < 2m

3. Determine areas with ditches

Buffering the ditches with 5 m

Select partial areas overlaid with buffer of ditches

4. Determination of areas where at least one seal (closure of the

ditch) must be placed

Extract points with 10 m spacing from ditches (line)

Assign height from DEM for each point

Determination of subsets of points overlapping with grassland
areas

Determine points with minimum and maximum height for
each ditch section per grassland area

Determine the number of sills per ditch section. 0.2 m is the
tolerable fluctuation range of the groundwater level

_ max(hight)—min(height)
N_SILL = mosthight)_min(heig

Sum up the number of sills per subarea

Extract of the partial areas with N SILL > 0

5. Determination of the area on which the measure has an effect

80



1589

1590

1591

1592

1593

1594

1595

1596

1597

1598

1599

1600

1601

1602

1603

1604

1605

1606

1607

1608

1609

1610

1611

— Rasterise the ditches and assign height from the DEM to each

cell through which a ditch passes
— Determine the 90th percentile from the ditch grid for each
partial area

— Create raster of effective area per subarea:

DEM — Percentilegy < 0.2

— Resample the grid to target resolution of 30x30 m with the

method average

e Data Output:

— Vector: Potential areas for restoration of wet meadows with at-

tribute column: N_SILL

— Raster: Impact area of the measure (30x30 m)

Appendix D. Post-stratification

Post-stratifictaion was performed to reduce data set size and autocorre-
lation. First, we assigned each pixel id (variable ID in the model, Chpt.
2.3.4) to a landscape group. The groups represent spatial clusters of land
cover or land use derived from the smallest administrative units in each case:
the forest stand in forest areas (2,126 groups), the field block in agricultural
landscapes (7,201 groups), the community in settlement areas (181 groups),
and the catchment for fens (397 groups). The groups are considered as strata
in a stratified simple random sample. Within each stratum, we next selected
two pixel ids. This preliminary subset still contained more than 700,000 ob-

servations. To reduce the subset size further, we sampled the selected ids
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1612

1613

1614

1615

1616

1617

1618

1619

1620

1621

1622

1623

such that each predictor occurs over its entire range in ten equal intervals,
with n = 20 per interval. This equal spreading of predictor values was shown
to be optimal for regression (Webster and Lark, 2012). Lastly, we assured
that each pixel id occurred at least five times (i.e. five scenes) in the final
data subset to provide a sufficient sample size for estimation of the effect of

the variable ID.

Appendix E. Forest types and mixing ratios

The two forest measures were predicted using the forest composition as

given in Tab. E.5.

Table E.5: Forest types and mixing ratios for the forest measures

Nutrition Meaning Area Current forest New forest composition®
level! share composition?
Z Quite poor  0.65 81% Coniferous forest, Mixed forest (33% Red oak,
19% Mixed forest 33% Birch, 33% Pine)
M Moderately — 0.25 68% Coniferous forest, Deciduous forest (66% Pedunculate
nutritious 32% Mixed forest Oak, 11% Red beech, 11% Winter lime,

11% Hornbeam)

1 Nutrition levels A (poor) and Z+ (between Z and M) are not considered because they
together cover only 10% of the area
2 In areas with conversion potential, see App. Appendix C

3 Forest composition of the replacement forest, for details see Hildmann et al. (2022)

Appendix F. Specific model results

Apart from the posterior predictive check plot (Fig. F.7), this appendix

contains regression tables with coefficient estimates, the estimation uncer-
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1624 tainty and convergence measures.

— yre,p

Figure F.7: Kernel density estimate for the observations in the validation data subset (y)

and for 1000 draws from the posterior predictive distribution (yrep).
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Table F.6: Group-level effects. R, Bulk-ESS and Tail-ESS are convergence diagnostics for
assessing convergence of the Markov chain Monte Carlo (MCMC) algorithm.

Group Variable! Estimate Estimation 1-95% u-95% R4 Bulk-  Tail-

error CI? CI3 ESS®  ESSs6
1D sd(LULC class 1) 0.06 0.00 0.05 0.06 1.001 2811 4527
ID sd(LULC class 2) 0.08 0.00 0.07 0.08 1.001 1787 4124
1D sd(LULC class 3) 0.08 0.00 0.07 0.08 1.002 2465 4503
1D sd(LULC class 4) 0.07 0.00 0.07 0.08 1.001 2318 3996
ID sd(LULC class 5) 0.07 0.00 0.07 0.08 1.003 2307 4649
1D sd(LULC class 6) 0.06 0.00 0.06 0.07 1.003 2572 4759
1D sd(LULC class 7) 0.06 0.00 0.06 0.07 1.002 2593 4749
ID sd(LULC class 8) 0.05 0.00 0.05 0.05 1.002 2952 5257
1D sd(LULC class 9) 0.06 0.00 0.06 0.06 1.002 3145 4850
ID sd(LULC class 10)  0.03 0.00 0.03 0.04 1.003 2797 5122
ID sd(LULC class 11)  0.03 0.00 0.03 0.03 1.001 3468 5395
1D sd(LULC class 12)  0.03 0.00 0.03 0.03 1.002 3381 5065
ID sd(LULC class 13)  0.05 0.00 0.05 0.06 1.002 2194 3833
SCENE  sd(LULC class 1) 0.07 0.01 0.05 0.09 1.004 1494 3437
SCENE  sd(LULC class 2) 0.09 0.01 0.07 0.12 1.005 1801 3442
SCENE sd(LULC class 3) 0.12 0.02 0.09 0.16 1.006 1297 2562
SCENE  sd(LULC class 4) 0.11 0.02 0.09 0.15 1.005 1517 2898
SCENE  sd(LULC class 5) 0.12 0.02 0.09 0.16 1.002 1701 2458
SCENE  sd(LULC class 6) 0.10 0.01 0.08 0.13 1.004 1413 2912
SCENE  sd(LULC class 7) 0.13 0.02 0.10 0.17 1.003 1423 2286
SCENE  sd(LULC class 8) 0.08 0.01 0.06 0.11 1.005 1608 3258
SCENE  sd(LULC class 9) 0.09 0.01 0.07 0.11 1.004 1600 3383
SCENE  sd(LULC class 10)  0.09 0.01 0.07 0.11 1.010 1114 2957
SCENE  sd(LULC class 11)  0.09 0.01 0.07 0.11 1.004 1317 2799
SCENE  sd(LULC class 12)  0.09 0.01 0.07 0.11 1.009 1245 2762
SCENE sd(LULC class 13)  0.09 0.01 0.07 0.11 1.002 1237 2308

1 LULC class : land-use/land-cover class as given in Tab. 3; sd: standard deviation of
group-level effects
lower limit of the 95% confidence interval for the estimate

upper limit of the 95% confidence interval for the estimate

4 R is the potential scale reduction factor on split chains (at convergence, R= 1), should
be smaller than 1.01 (Vehtari et al., 2021)

5 Bulk effective sample size: sampling efficiency in the bulk of the posterior, should be
greater than 400 (Vehtari et al., 2021)

6

Tail effective sample size: minimum of the effective sample sizes of the 5% and 95%

quantiles, should be greater than 400 (Vehtari et al., 2021)
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Table F.7: Population-level effects for the population-level predictors except LULC and
the two interaction terms. R, Bulk-ESS and Tail-ESS are convergence diagnostics for

assessing convergence of the Markov chain Monte Carlo (MCMC) algorithm.

Variable Estimate Estimation 1-95% u-95% R3 Bulk-  Tail-
error crt CI? ESS* ESS

Tree cover density -0.22 0.01 -0.23 -0.20 1.001 3941 5570

Imperviousness density  0.05 0.01 0.04 0.07 1.001 2597 4470

Available water -0.00 0.00 -0.00 -0.00 1.001 4043 5925

holding capacity®

Elevation -0.01 0.00 -0.01 -0.01 1.001 4606 5774

Reference crop 0.05 0.00 0.05 0.06 1.011 788 1804

evapotranspiration

Related circum- -0.04 0.00 -0.05 -0.03 1.001 3351 5083

scribing circle

1 Jower limit of the 95% confidence interval for the estimate

2 upper limit of the 95% confidence interval for the estimate

R is the potential scale reduction factor on split chains (at convergence, R= 1), should
be smaller than 1.01 (Vehtari et al., 2021)

Bulk effective sample size: sampling efficiency in the bulk of the posterior, should be
greater than 400 (Vehtari et al., 2021)

Tail effective sample size: minimum of the effective sample sizes of the 5% and 95%
quantiles, should be greater than 400 (Vehtari et al., 2021)

Expected average difference between two adjacent categories of the ordinal predictor

AWC (Burkner and Charpentier, 2020)
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Table F.8: Population-level effects for the interaction terms. R, Bulk-ESS and Tail-ESS
are convergence diagnostics for assessing convergence of the Markov chain Monte Carlo

(MCMC) algorithm.

Variable! Estimate?  Estimation 1-95%  u-95%
error 13 CI4 R5 Bulk-ESS®  Tail-ESS”

LULC class 1:CAI 0.34 0.05 0.23 0.45 1.001 1566 2456
LULC class 2:CAI 0.14 0.04 0.05 0.23 1.002 1337 2310
LULC class 3:CAI 0.11 0.06 -0.01 0.22 1.000 1746 2718
LULC class 4:CAI 0.14 0.03 0.08 0.21 1.001 1355 2554
LULC class 5:CAI 0.24 0.08 0.08 0.40 1.002 2218 4092
LULC class 6:CAI -0.01 0.02 -0.06 0.04 1.001 1348 2330
LULC class 7:CAI 0.19 0.06 0.08 0.30 1.002 1633 3208
LULC class 8:CAI 0.05 0.02 0.01 0.08 1.001 1308 2431
LULC class 9:CAI 0.02 0.02 -0.02 0.05 1.001 1233 2465
LULC class 10:CAI -0.09 0.04 -0.16 -0.01 1.001 1605 3046
LULC class 11:CAI -0.21 0.03 -0.27 -0.15 1.001 1536 3494
LULC class 12:CAI -0.27 0.03 -0.32 -0.21 1.001 1504 2793
LULC class 13:CAI -0.55 0.05 -0.65 -0.46 1.001 1200 2235
LULC class 1:CWB 0.00 0.00 -0.01 0.01 1.004 1453 2864
LULC class 2:CWB -0.01 0.01 -0.02 0.00 1.003 2159 3755
LULC class 3:CWB -0.05 0.01 -0.06 -0.03 1.003 2176 3563
LULC class 4:CWB -0.02 0.00 -0.03 -0.02 1.002 1829 3517
LULC class 5:CWB -0.04 0.01 -0.05 -0.02 1.005 2083 3623
LULC class 6:CWB 0.00 0.00 -0.01 0.01 1.005 1454 3474
LULC class 7:CWB -0.04 0.01 -0.06 -0.03 1.006 1801 3179
LULC class 8:CWB 0.00 0.00 -0.01 0.01 1.005 1444 2999
LULC class 9:CWB -0.01 0.00 -0.02 0.00 1.005 1432 3141
LULC class 10:CWB  -0.01 0.00 -0.01 0.00 1.006 1498 2620
LULC class 11:CWB  -0.01 0.00 -0.02 -0.01 1.005 1315 2710
LULC class 12:CWB  -0.01 0.00 -0.01 0.00 1.005 1378 2716
LULC class 13:CWB  -0.01 0.01 -0.03 0.00 1.005 1203 2277

1 LULC class: land-use/land-cover class as given in Tab. 3; CAI: core area index, CWB:
climatic water balance

the estimates were obtained by adding draws of the posterior distributions of the baseline
category and the remaining categories

lower limit of the 95% confidence interval for the estimate, based on the added draws

of the estimates

4 upper limit of the 95% confidence interval for the estimate, based on the added draws
of the estimates

5 R is the potential scale reduction factor on split chains (at convergence, R= 1), should
be smaller than 1.01 (Vehtari et al., 2021)

6 Bulk effective sample size: sampling efficiency in the bulk of the posterior, should be
greater than 400 (Vehtari et al., 2021)

7 Tail effective sample size: minimum of t%q% effective sample sizes of the 5% and 95%

quantiles, should be greater than 400 (Vehtari et al., 2021)
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Appendix G. Variation of measures’ performance

The cooling effect varies both in time and space. Variation in time is
captured with the predictor SCEN E and most likely reflects meteorological
conditions and seasonality. Spatial variation occurs both because of spatially

varying predictors and differences in the area coverage by a measure.
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Table G.9: Contribution of spatial and temporal variation to variation in measure perfor-

mance, based on the scaled LST

Measure Interquartile range! Range! Source of spatial variation?
Tem- Spatial Tem- Spatial
poral approach  poral approach
approach approach

A: Agroforestry 0.03 0.00 0.10 0.02 CAI (s.q.), CWB, LULC (s.q;
crop roation 1 or 2)

A: Deep-rooting crops 0.02 0.01 0.10 0.05 CAI, CWB

A: Landscape structure 0.02 0.01 0.07 0.16 CAI (s.q.), CWB, LULC (s.q;

elements crop rotation 1 or 2, fresh/dry
grassland), area share

A: Permanent grassland 0.05 0.01 0.13 0.11 CAI, CWB, LULC (relative
portion of fresh/dry grassland in
a plot)

A: Organic fertilisation 0.00 0.00 0.01 0.04 Distribution of AWC classes
(raster) in the plots (vector with
averaged raster values)

A: Afforestation 0.10 0.03 0.37 0.14 CAI, CWB

F: Reforestation 0.00 0.01 0.01 0.21 TCD (four possible forest types),
area share, CAI, CWB

F: Forest conversion 0.03 0.03 0.10 0.28 TCD (four possible forest types),
CWB

N: Wet meadows 0.12 0.05 0.32 0.20 CAI, CWB, LULC (s.q.; relative
portion of fresh/dry grassland in
a plot)

S: Afforestation 0.07 0.13 0.26 0.42 IMD, TCD (s.q.), CAI, CWB

S: Partial unsealing 0.00 0.01 0.03 0.08 IMD (s.q.)

S: Tree groups 0.00 0.04 0.01 0.15 TCD (s.q.), area share

S: Tree rows 0.00 0.05 0.00 0.26 TCD (s.q.), area share

S: Unsealing 0.01 0.02 0.01 0.07 IMD, TCD (s.q.)

W: Ditch water manage- 0.00 0.01 0.02 0.04 Area share

ment

W: Supporting sills 0.00 0.01 0.02 0.07 Area share

1 of the predictions

2

s.q.: status quo before measure implementation; area share: percentage of area on which

measure can be implemented on a plot; LULC: land-use/land-cover class, TCD:

tree cover density, CAI core area index, IMD: imperviousness density, AWC"

available water-holding capacity
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0o Appendix H. Seasonal effects

1631

The cooling effect seems to be subject to certain patterns depending on

122 the month of satellite overflight.
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Figure H.8: Plots of the cooling effects against the months in which the thermal scenes

were recorded.
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