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Abstract: Drought is a phenomenon that is strengthening with the progress of climate change. Many
fields of human activities such as agriculture, forestry, ecology, economy, water supply, or energy
production are affected. Municipalities are one of the most important actors, because final adaptation
often takes place at this level. However, planning measures is challenging for small municipalities,
with adaptation capacity being lower than in big cities. A model working with data from the
Global Change research Institute CzechGlobe and the Czech national drought monitor Intersucho
allows for information to be obtained at the landscape scale about drought, and their utilization
for small municipalities is introduced. In addition to detailed maps for the years 1991–2014, the
model enables long-term prediction of drought prevalence for the years 2021–2040 and 2041–2060.
GIS-integrated Random Forest regression and twelve climate, topography, and land use/land cover
variables were involved in the model construction. The tuned model could explain 70% of reference
data variability, and was used for drought prevalence mapping in 20 m spatial detail. Utilisation of
overlay and visualisation tools and consultation of actual spatial planning maps helped create maps
for spatial decision-making support in precautionary measure and landscape management within
the municipalities.

Keywords: drought modelling; Random Forest; municipalities; adaptation; bivariate map; Czech
Republic

1. Introduction

Unlike other natural hazards, drought is characterised as a creeping event with slow
development, high resilience, and long duration, tightening its grip over the area with
time [1,2]. With the progress of climate change, more severe and longer drought spells are
expected because of precipitation and evapotranspiration changes [3–5].

Drought is usually regarded as a water-induced phenomenon, but many other factors
are taken into consideration in drought assessment, resulting in the publication of many
drought concepts [6–10]. As drought represents a natural hazard and environment is a dy-
namic model, conceptualisation is a very important step, and end users must be considered
during the whole process [11]. Applied concepts range from simplistic approaches, which
employ only a single variable [3,12,13], to complex models, which combine several, mostly
climatic and hydro-meteorological variables [14,15], and hybrid models, which incorporate
also large-scale climate indices, to provide future scenarios for long-term drought fore-
casting [16]. Several reviews of drought conceptualisation can be found in the literature,
e.g., [7–9,17–19].

Due to drought complexity as well as its manifold impacts, much confusion remains
within the scientific and policy-making communities, a phenomenon which can lead to
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indecision and inaction [20]. Nevertheless, reliable drought prevalence prediction is crucial
for decision makers to provide drought preparedness plans and cope with drought [15].
Many countries are concerned about the risks connected with drought and, therefore, run
national and international drought monitoring systems which serve as an information
platform about drought for a wide range of users. The pioneer project is U.S. Drought
Monitor, which has been operational since 1995 [14] and has been followed by other
projects, e.g., the European drought observatory [21], German drought monitor [22], or
Czech drought monitor Intersucho (InterDrought) [16]. The spatial resolution of these
services is limited mainly due to input data availability. The U.S. drought monitor and
European drought observatory uses 5 × 5 km grid, the German drought monitor operates
on 4 × 4 km grid, the Czech drought monitor on a 500 × 500 m grid. The Czech Drought
Monitor System Intersucho was developed in 2012 and provides near real-time soil moisture
availability. It is based on four pillars [16]: (i) weekly satellite-based soil moisture estimates;
(ii) daily soil moisture estimates based on the SoilClim model [23,24]; (iii) satellite-based
vegetation indices; (iv) weekly in-situ expert reports.

Regardless of national initiatives and adaptation strategies, municipalities carry a
legally binding responsibility of spatial planning and the final adaptation takes place
mainly at the municipal level [25]. Hence, this scale is critical for effective climate adapta-
tion [25–28]. However, most researchers focus on adaptation of built up areas, i.e., large
cities [29,30], rather than on rural landscapes, which are mostly the responsibility of small
municipalities [25,27,29]. Compared to the big cities, small municipalities are more vul-
nerable due to their lack of local adaptation capacities, i.e., scarce financial resources and
workforce, limited authority and competencies, and limited access to scientific knowledge
and external experts [26–28,31].

The national monitoring programmes do not provide sufficient detail for use at the
municipality scale and, therefore, Geographic Information System (GIS) techniques and a
multidisciplinary approach are required to better recognise the characteristics, occurrence,
and effects of drought at the regional and local scale for sustainable production and land-use
planning [32]. Besides climatic factors, landscape factors with high spatial variability must
be involved. They are, namely, topographic characteristics and land use/land cover (LULC)
characteristics. For example, vegetation coverage limits soil moisture loss, water run-off is
significantly higher over steeper terrain compared to ground surface, while slope aspect
determines the solar radiation which influences the hydrology of the area [33,34]. The
physical coverage of the surface, which is given by land use and land cover characteristics,
reflects vulnerability and possible ways of reaction in the landscape. Lately, few researchers
follow multivariate approaches for local studies. Ref. [32] used the Analytical Hierarchical
Process (AHP) method integrated in GIS with 13 factors—slope, elevation, aspect, soil
texture, geology/lithology, LULC aggregated categories, drainage density, distance from
water bodies, ground water fluctuation, normalised difference vegetation index (NDVI),
see [17,35,36], rainfall, land surface temperature (LST), see [37–39], and topographic wetness
index (TWI), see [39,40], to assess vulnerability to drought in the city of Kurnool, India.
The study area covered approximately 8500 sq.km. Similarly, GIS-integrated AHP was
applied by [33] for drought vulnerability assessment in Kangsabati Basin, India, covering
an area of 9600 sq.km. Their study involved 11 factors: elevation, slope, aspect, LULC
aggregated categories, population density, NDVI, LST, normalised water index, vegetation
condition index, and soil moisture index. Drought modelling in Brandenburg Federal
State, Germany, over an area of nearly 30 sq.km, was a subject of the work of [41]. The
authors employed the GIS-based multi-criteria approach with three input parameters,
NDVI, LST, and precipitation, to classify the study area in different zones of drought
prevalence. Then, the agricultural and non-agricultural areas exposed and impacted with
drought were quantified via overlay with LULC maps. The attempt of predicting drought
without precipitation data was proposed by [34]. The authors applied Random Forest
(RF) regression on 15 variables based on topography data and satellite images which
characterised vegetation, topography, water, and thermal conditions in the study area. The
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study area involved 12 administration units in Korea, covering approximately 3500 sq.km.
Utilisation of satellite images enabled a resolution of 30 m; however, this method is useful
for short-term prediction only.

The use case reflected in the proposed model enables the provision of valuable in-
formation for landscape management and sustainable land-use planning within small
municipalities in the Czech Republic. The spatial detail is 20 m and the prediction is calcu-
lated for 20-year periods, 2021–2040 and 2041–2060, respectively. A supervised machine
learning approach based on the RF regression implemented in GIS was used for prevalence
map construction; mostly open access data were used. Climatic characteristics were created
and provided by Czechglobe—Centre for Global Change Research of the Czech Academy
of Science—upon a request, but similar data can be analogically created for any area from
basic meteorological records and Global Circulation Models. Combination with current
development plans of municipalities can reveal possible problematic areas and help target
climate adaptation activities.

2. Materials and Methods
2.1. Study Area

Four study areas exhibiting different characteristics were chosen in the Czech Republic
to represent the variety of landscape. They all belong to the geomorphological unit Central
Moravian Carpathians, which is a part of Outer Western Carpathians. This area tends to
exhibit less extreme climatic conditions when compared to other parts of the Czech Republic,
and shows no significant drought hazards in the reference period 1961–2014. The prospect
of drought prevalence with respect to climate change is a subject of this study. The study
areas are represented by cadastral territory of five small municipalities to capture various
land types and conditions (Figure 1) which can be found in this geomorphological unit.

Study area A—Sardice: occupies an area of 1729 ha, the average altitude reaches
183 m. Among all the study areas, this is the southernmost location. It is largely utilised
for intensive agriculture with a high share of permanent cultivation such as vineyards and
orchards, almost no forests are present. Approximately 2200 inhabitants live here.

Study area B—Prusy-Boskuvky and Vazany: to enable comparison with other study
areas, two cadastral territories were merged. Both territories together occupy an area of
1317 ha and have a population of approximately 1100 inhabitants. It is the northernmost
of the studied areas and the average altitude is 272 m. It is devoted mostly to fields for
intensive agriculture production, very sporadic forests are present here.

Study area C—Litencice: the average altitude reaches 358 m, which is the highest
value among the considered areas. The territory extends over 1053 ha and approximately
480 people live here. This study area largely consists of grassland and agricultural land
with significant natural areas. Forests are present in the north.

Study area D—Korycany: the area of this territory is 1924 ha and reaches an average
altitude of 280 m. More than 50% of this study area is covered with forests. In addition, an
important share of agricultural land with significant natural areas can be found here; hence,
this location shows the highest ecological stability of all studied regions. The population
consists roughly of 2900 inhabitants.

2.2. Data

Mostly publicly available data resources were used to synthesise the database of factor
layers that serve as an input for the modelling process (see Figure 2). Three groups of
factors were set: climate, topography, and LULC-related.
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Three sets of 21 layers of climatic characteristics were provided. Usually, 30-year
periods as a climatic normal are used for long-term climate characteristics in a region.
However, data for new climatic normal for 1991–2020 are not available yet. Climate
characteristics were available for the 25-year period 1991–2014. These data were sufficient
for providing the model with long-term climate characteristics of the baseline state and
were preferred to currently valid climatic normal referring to years 1981–2010. Since the
Czech Republic has experienced few meteorologically extreme years since 2015, such
as extreme drought in 2015 and 2018, as reported by [42–44], using characteristics for
1991–2014 represents a compromise between data availability and their representativeness.
The data used for modelling were created and provided by Czechglobe—Centre for Global
Change Research of the Czech Academy of Science—on a basis of long–term measurements
provided by the Czech Hydrometeorological Institute.
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Climate characteristics refer to:

(i) air temperature, i.e., annual mean temperature, days with an average temperature
above 10 ◦C in a continuous period, with a maximum temperature above 30 ◦C and
with temperature above 5 ◦C;

(ii) precipitation, i.e., annual mean precipitation, mean values of precipitation in the
periods between March and May, April and June, and June and August, and days
with less than 1 mm of precipitation;

(iii) solar radiation, i.e., total global radiation, global radiation in the periods between
March and May, April and June, and June and August, and an annual mean of
global radiation;
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(iv) soil moisture, i.e., moisture sufficiency at depths of up to 40 cm and 100 cm, re-
spectively, and number of days with critically low (below 30%) soil moisture in the
aforementioned depths.

Drought predictions for the periods 2021–2040 and 2041–2060 were made. For there is
no suitable regional climatic model, models of the general circulation of the atmosphere
coupled to an ocean model, so-called Global Circulation Models (GCMs), were utilized
to produce all climatic characteristics mentioned above. According to the methodology
by [45,46], data from French IPSL (Institut Pierre Simon Laplace) global climate model were
used. The authors of the aforementioned studies examined 27 GCMs, and the IPSL model
has proved to be closest to the median of all tested GCMs; hence, it was considered as
the central model for the area of the Czech Republic. The Representative Concentration
Pathway (RCP) 4.5 was adopted, as in the Fifth Assessment Report by IPCC [3] it is consid-
ered to be intermediate and the most probable scenario of greenhouse gas concentration,
estimating the peak of greenhouse gases emissions (not concentration) to peak around
2040 and then decline. Climate predictions data were provided by Czechglobe—Centre
for Global Change Research of the Czech Academy of Science—in 500 × 500 m grids
raster layers.

Topographic characteristics were calculated based on the Digital Terrain Model (DTM)
of the Czech Republic (4th generation) provided by the Czech Office for Surveying, Map-
ping and Cadaster. The SAGA GIS software was used for preprocessing, and ten grids
were calculated referring to altitude, aspect, slope, curvature, positive openness, nega-
tive openness, catchment slope, catchment area, topography-adjusted solar radiation, and
topographic wetness index (TWI).

For LULC characteristics, various source layers were compiled using ArcGIS Pro 3.0.2.
These layers are important because they can capture adaptation measures. Density of
the greenery in the landscape was calculated using satellite-based layers Small Woody
Features (SWF) and Tree Cover Density (TCD). Based on these data, percentage in a square
100 × 100 m covered with trees and woodland shrubs was calculated. Changes in LULC
were examined employing the latest orthophotos of and regional planning documents for
each considered municipality to capture the climate adaptation. Development of greenery
was identified, so the expected density was recalculated analogically to greenery density of
the 2012 with updated input data. The difference layer of greenery change between the two
study periods was created. Two layers reflecting water in the landscape were employed.
On their basis, the model gathers the information about distance from a nearest water
body and the shortest distance from a water stream for each modelled feature (point). For
quantification of drought hazard according to LULC characteristics, a detailed vector layer
of cadastre parcels referring to their use and greenery density was created. CORINE Land
Cover was combined with orthophoto and detailed information about cadastre parcel use,
which is registered by the Czech Office for Surveying, Mapping and Cadastre.

For the model training, reference data from the Czech national drought monitor
Intersucho were employed. Drought hazard is expressed as a median of the number of
days during the summer (July, August, September) with soil moisture lower than 30% in
the layer up to 40 cm depth in the period 1961–2014 (considered as a climatic normal). The
spatial resolution of this data is 500 × 500 m.

Unlike climatic data, the resolution of source data for topography and LULC allowed
to obtain finer resolution, with grids in the spatial detail of 20 × 20 m created. Points in
the regular 500 × 500 m grid possessing attributes representing all input layers and the
reference attribute of drought hazard (i.e., number of days with low soil moisture) were
used as input features for training the model. Points in regular 20 × 20 m grid with a
detailed set of the same attributes and two more sets of climatic prediction attributes for
2021–2040 and 2041–2060 were used as features for prediction. A new number of days with
low soil moisture was calculated.
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2.3. Model Description

A GIS tool utilising RF regression was used for modelling in the ArcGIS Pro 3.0.2 envi-
ronment; the workflow is shown in Figure 2. This method combines supervised machine
learning classification or regression trees introduced by [47] and principles of bootstrap
aggregation, so called “bagging” [48,49]. Randomisation (randomly selecting given number
of predictor variables) included in this process enables to reduce correlation between the
trees and reduce the variance in the predictions [50]. A RF method operates by creating
an ensemble of decision trees (a forest) and calculating the mean of the outputs as the
prediction of all the trees. Variables for the tree construction are chosen by implementing
a “bagging” process; data not included in the tree construction are used for “out-of-bag”
(OOB) accuracy metrics computation. Hence, no data for validation processes require exclu-
sion during the training. On the other hand, only values used for model tuning/learning
can be predicted. RF is unable to extrapolate any values outside the learned range.

Variable selection was the first step in the modelling process. In total, 41 variables
regarding climate, topography, and LULC were prepared. Not all of them could be used,
because a shift of climatic conditions is expected in the future. The reference (training) area
had to be much larger than the study area, encompassing places covering a large portion of
the variable value range, so that future values in the study area could fit within the range of
available contemporary conditions of the reference dataset (see Figure 3). Variables which
did not meet this requirement were excluded, as the method cannot process values not
included in the training.
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Further variable selection was conducted via a variable importance metric [50]. The
variable importance (VI) metric is calculated for each variable during each run of the
RF model based on the reduction in the sum of squared errors (out-of-bag, OOB errors)
whenever a variable is chosen to split the tree. Each category of variables was reduced by
omitting the least significant factors, with only the top 40% in each category retained. In
total, twelve variables were chosen for model construction: six climate characteristics, four
topography-related characteristics, and two LULC-related characteristics. Factors involved
in the model and their importance are shown in Table 1.
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Table 1. Variables and their variable importance for the model.

Variable VI

Annual mean of global radiation 19%
Number of days with an average temperature above 5 ◦C in a continuous period 12%
Mean values of precipitation in the periods June to August 11%
Annual mean precipitation 11%
Mean values of precipitation in the periods March to May 10%
Total global radiation 9%
Altitude 8%
Distance from water bodies 4%
Density of greenery 4%
Positive openness 4%
Negative openness 4%
Topographic wetness index (TWI) 4%

Removing variables with a lower importance did not degrade the model performance;
on the contrary, model performance slightly improved after variable optimisation. Al-
though climatic variables showed the highest importance, there was an urge to involve all
three categories of factors, because unlike climatic factors, topography- and LULC-related
variables can bring higher spatial detail owing to their higher spatial variability. Model-
based optimisation was used for hyperparameter tuning of the model [51]. The number of
trees was found to be the most important. It was gradually increased to 2000 when low
variability in the VI metric of individual predictors was reached. Low variability indicates
the model stability and, hence, reduces uncertainty in outputs.

Number of trees have proved to be important also for model accuracy. The Root
Mean Squared Error (RMSE) and coefficient of determination R-squared (R2) were used
for evaluation of the model accuracy progress. Both these measures are useful when
describing model performance. RMSE explains the predictive ability of the model in
absolute terms: the lower the RMSE, the better. The R-squared value expresses how well
the variability in the dependent variable is explained by a given model, with higher R-
squared values desirable. These measures were derived from OOB error, which is based on
data not included in the construction of individual trees in a given forest (unseen data). The
development of RMSE and R-squared is shown in Figure 4. RMSE decreased significantly
with an increasing number of trees, which means the error was lower when using more
trees for prediction. On the contrary, R-squared increased with an increasing number of
trees, suggesting that the model with more trees can better capture the variability in the
input data. In conclusion, the higher the number of trees used for model training, the more
accurate the result. The training was stopped at 2000 trees as the curves reached a plateau,
with the addition of more trees failing to engender a significant improvement in the model.
The RMSE of the model with 2000 trees was 5.8 and R-squared was 0.71.

Besides OOB error diagnostics, a validation using independent training and testing
datasets was used. The difference between OOB error and validation using separate testing
and training datasets is that, not only trees constructed with unseen data (see above) but
entire forests could be used for validation. Thirty percent of input points were set aside as
validation data. The performance of training and testing datasets in the model containing
2000 trees is displayed in Table 2.
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Figure 4. Changes in RMSE values (left) and R-squared values (right) based on the number of trees.

Table 2. Model performance for training and testing subsets.

R2 p-Value Standard Error

Training 0.951 0.000 0.001
Testing (mean value) 0.700 0.000 0.004

The selection of the validation dataset is random, and the validation diagnostics can
differ in values across runs. Hence, the model was run iteratively 30 times. The average
value of R-squared was 0.70, which means that the model could explain 70% of variability in
the test dataset. The distribution of R-squared across the 30 runs of the model is displayed
in Figure 5.
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For environmental models are highly case-specific, the suitability of the actual dataset
and the given area of interest were further examined. Residual analysis was used to
evaluate the model effectiveness. Figure 6 displays the distribution of raw residuals and
standardised residuals within the study area. In both cases, normal distribution can be
seen. Raw residuals show the difference between predicted and reference data in days.
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Standardised residuals were calculated according to Equation (1) and measure the strength
of the difference between reference and predicted values.

standardised residual = re f erence value − predicted value/
√

predicted value (1)
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Standardised residuals should fit within the range of [−2, 2]. Values outside this range
indicate the presence of outliers. No outliers were identified in the dataset of the study area.

The spatial distribution of standardised residuals throughout the study area is illus-
trated in Figure 7.
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The final RF regression model, which uses an ensemble of 2000 trees, was established.
This model employs 12 variable predictors, for each of them a VI was calculated (Table 1).
Training of the model was achieved with the utilisation of over 40,000 points in a regular
grid 500 × 500 m covering the entire training area and having the attributes of all prediction
variables and known value of long-term drought hazard stated by the Czech national
drought monitor Intersucho. After the training, downscaling was processed using a
finer fishnet with almost 140,000 points in a regular grid 20 × 20 m covering all the
investigated municipalities. For these points, having the same prediction variables but
based on finer scale layers where available, the model assessed the values of drought
hazard with respect to the rules learned from the training stage. Consequently, with the
use of climatic predictions data derived from IPSL GCM, prediction of drought hazard for
the periods 2021–2040 and 2041–2060 were created.

3. Results

Three main outputs were created, mostly in the form of specialised maps.

3.1. Drought Prevalence Development

One of the main model outputs was an ensemble of drought prevalence maps for the
periods 1991–2014, 2021–2040, and 2041–2060 with a spatial resolution of 20 m (Figure 8).
There was an obvious shift in drought prevalence in all studied areas. Six drought categories
were established using a natural break method according to a predicted number of days
when soil moisture was lower than 30% in the layer up to 40 cm depth during the months
of July, August, and September.
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The study area A shows the highest drought hazard in all periods. With respect to the
1991–2014 period, the whole municipality was found to exhibit moderate to strong drought
hazard. The hazard developed even more with the continuous climate change, with the area
of strong drought hazard expanding further southeast in 2021–2040. This trend continued
in the period 2041–2060, with most of the southern part, which is mainly devoted to fields,
becoming exposed to the extreme drought hazard. The central and northern part have a
higher share of permanent cultures such as vineyards and orchards and showed a slightly
lower drought hazard.

Even more dramatic shifts in drought hazard can be noticed in the study area B. Simi-
larly to A, this municipality consists mainly of fields for intensive agricultural production.
The drought hazard in 1991–2014 was found to be insignificant, with only a small area
of moderate drought hazard being visible in the northwest. However, drought expands
rapidly from the northwest. For the period 2041–2060, the drought hazard was predicted to
occur in all areas, reaching extreme values in the northwest part.

An insignificant drought hazard was identified in the study area C during 1991–2014,
but moderate drought was found to occur during the period 2021–2040 in the south,
especially in the parts which are not devoted to permanent cultivation. The lowest hazard
of drought was predicted to characterise forests in the north. With respect to the period
2041–2060, a moderate drought hazard was predicted for almost all areas, with small
patches of higher drought hazard occurring. The lowest drought hazard from all studied
municipalities appeared in the study area D. With respect to the period 1991–2014, most
of the investigated area showed insignificant or very low drought hazard, especially the
forests, which cover the eastern part of the region. Only small places with moderate drought
were found to 4occur in the west. This area is mostly devoted to intensive agricultural
production. The prediction for 2021–2040 showed that the western part is expected to
become drier, but places with very high drought hazard appeared in the central part. This
trend continued through 2041–2060; a high drought hazard is expected in the western part,
while a very high hazard of drought was observed in the valley in the central part, which is
a place of settlement and other human activities.

3.2. Land Use/Land Cover Respective Drought Hazard Quantification

To quantify the results, zonal statistics for aggregated LULC categories was calculated.
Five groups (see Figure 1) were created depending on the LULC and share of tree cover.
LULC categories differ in their adaptation capacity, which affects the overall vulnerability
of the area. For each category, the share of area exposed to very high or extreme drought
hazard was stated (see Table 3). Very high or extreme drought hazard (orange and red
category in Figure 8) means that the soil moisture is less than 30% in the layer up to 40 cm
during the months of July, August, and September for 20 or more days cumulatively.

Table 3. LULC aggregated categories and their proportion in percent (and area in hectares) endan-
gered by very high or extreme drought hazard in the modelled periods.

LULC Category 1991–2014 2021–2040 2041–2060

built-up area 3.4% (9 ha) 7.8% (21 ha) 44.6% (122 ha)
non-irrigable agricultural land with

insignificant tree cover 3.0% (88 ha) 7.2% (210 ha) 62.6% (1828 ha)

permanent cultivation patterns with
average tree cover up to 10% and

build up area
1.2% (6 ha) 3% (15 ha) 50.0% (257 ha)

agricultural land with significant areas
of natural vegetation and tree cover

over 10%
0.6% (4 ha) 3.5% (22 ha) 49.5% (312 ha)

forests and land with over 70%
tree cover 0.01% (0.2 ha) 0.6% (7 ha) 17.8% (222 ha)
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In conclusion, the predicted prevalence of drought is more severe in municipalities
located in lowlands, where most of the land is used for seasonal agricultural production.
Permanent cultures show lower hazard and areas covered with forest tend to be the least
endangered. This data reflects generally accepted facts, that grown trees and bushes can
positively affect the microclimate in the surroundings and mitigate drought development.
Permanent cultures such as gardens, vineyards, orchards, and even permanent grasslands
exhibit greater resistance also because of a deeper rooting system compared to seasonal
crops in fields. Moreover, fields are left bare at least during part of the year, which has
a significant negative impact on the thermal and moisture regime in the soil and the
microclimate. Data also show that by retaining contemporary LULC and as a result of the
expected progress of climate change, approximately 50% of agricultural land might face
very high drought hazard by 2040, although they have not been endangered recently.

3.3. Adaptation Measure Planning

Spatial planning and landscape management are crucial tools that can provide guid-
ance for land use, facilitating climate change adaptation [52]. One of the best ways to
integrate climate change into spatial planning is through usage of visualisation tools [53,54].
The detailed mapping of drought prevalence can help understand specific landscape condi-
tions. Spatial analysis of the drought hazard was combined with the spatial planning of the
individual municipality development plans.

Two-variable (bivariate) maps were created [55] using two variables, i.e., drought
hazard and planned development of greenery (Figure 9). Each variable is represented by
a specific colour scheme and the resulting colour is determined as a mixture of colours
obtained from these colour scales for given values of variables [56]. The relation between
variables can be compressed into a single image, instead of creating two separate images
which the user needs to overlay mentally. Maps displayed in Figure 9 capture the relation-
ship of the predicted drought hazard in the period 2021–2040, as well as changes in tree
and woodland shrub cover. These changes either have been realised since the baseline 2012
or are planned for the near future, and refer mainly to the construction of biocentres and
biocorridors as part of the Territorial System of Ecological Stability. Although biocentres
and biocorridors are not originally intended as climate adaptation and mitigation measures,
synergy of the landscape management activities is desirable. The blue scale indicates
changes in tree and shrub cover from no development to moderate and high development,
whilst the drought hazard is displayed with a red scale ranging from low hazard to moder-
ate and high hazard of drought. Hence, places with low drought hazard and a low degree
of change in greenery density can be identified as white areas typically representing forests,
whilst red areas indicate places with high drought hazard and no progress in greenery
density. Attention should be paid to the latter when planning adaptation activities, as they
are highly exposed to the drought hazard and have low adaptation capacity but are omitted
from any measures. On the other hand, purple and dark purple areas represent places with
significant drought hazard but also expected high development in tree and shrub cover.
The greenery development here successfully targets places with high drought hazard to
moderate the drought impact in the area. However, this holds true for fully-grown trees
and shrubs. It is necessary to pay special attention to the species selection, and care is
required to ensure newly planted trees and shrubs in these areas are able to reach maturity.
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4. Discussion
4.1. Model Application

Downscaled drought prevalence maps at the 20 m resolution were obtained. In
addition, the importance of factors responsible for drought hazard occurrence can be stated
on the basis of model diagnostic. Three groups of factors were involved, i.e., climatic,
topographic, and LULC factors. Climatic factors were found to be the most significant.
Taking action in this area involves mitigation measures regarding decarbonisation and
green city models. Nevertheless, these are not drought-specific measures and climate
policy of local government does not have the same global power as national ones [57].
Topographic factors are difficult or even impossible to change. Hence, despite the fact,



Land 2023, 12, 1937 16 of 21

that LULC factors appear to be the least significant for model prediction, they are pivotal
for small municipalities’ agenda setting. Unfortunately, municipalities, instead of acting
preventively, they tend to accept pragmatic and responsive measures [27].

Effective adaptation should follow three main steps—(i) problem identification, (ii) po-
litical decision-making and strategic management, and (iii) realisation of measures [28,58].
However, small municipalities face several obstacles in this process. Some papers have
been produced on this topic and conclude that among the most frequent barriers are low
awareness or relevance of climate change compared to other issues, lack of expertise, insuf-
ficient competencies, and limited financial sources [25,27,28,58,59]; technical problems are
also mentioned [58,60]. High-resolution hazard maps are considered to be an important
tool for climate adaptation activities [60].

The long-term drought prevalence maps presented herein for different periods reveal
trends in drought development and can help with hazard identification. The implemen-
tation of overlay and visualisation techniques enable the creation of resources, affording
support to decision-makers in the development of preventative policies to address future
drought impacts. The example presented in this study deals with the relationship of
drought hazard development and greenery planning managed by the local government.
Greenery planning takes place only at common property places. For the realisation of wider
measures it is important to involve all stakeholders such as farmers, land owners, citizen
groups, and local community [30,61–64]. An analysis of drought hazard development in
relation to owner structure can be used. On this basis, revision of tenancy agreements and
pressure on the municipality property tenants can be applied. Active dialog with actors
and society to raise awareness and promote understanding of the need for action can be
initialised. Only then wider landscape adaptations, revitalisations, and changes in crop
management and farming regimes can be implemented to improve the water regime, state
of the landscape, and its overall resilience.

4.2. Model Limits

The RF algorithm implemented in the GIS environment was used for model construc-
tion. This method belongs to the class of data-driven models and can work either as RF
regression or RF classification. In this case, RF regression was used. A similar method was
used for short-term drought prediction by [34]. There are many advantages associated
with usage of RF modelling described in the literature, e.g., models can capture non-linear
dependencies between predictor and dependent variables [65], simultaneously continuous
and categorical variables can be incorporated [66], models can handle highly correlated
predictor variables [65,67], as well as exhibiting a tendency not to overfit [34,66]. On the
other hand, there are some limits, which cannot be omitted. RF cannot adequately model
datasets with imbalanced data [68] and is unable to extrapolate values outside the training
range [69]. In this study, this problem was overcome by utilising a much bigger training
area, so that shifts in future climatic data predictions could be involved in the learning
process. This is possible only if there are enough places which today comply with the future
conditions expected in the study areas. This fact can often be limiting.

Another advantage of RF is its ability to determine individual variable importance.
However, RF, as all algorithmic models, performs as a black-box, so the variable importance
should be considered carefully [34]. It is unknown whether the correlation between the
drought risk and variable importance is positive or negative.

RF is based on the statistical evaluation of different combinations of factors and
dependent variable. The accuracy of the downscaling corresponds to the validation of
the model. The rules that the model learns during the training are applied to entities
placed in a finer fishnet of points, with the spatial detail carried by the higher resolution of
input layers (updated attributes), such as detailed LULC and topography characteristic.
Nevertheless, certain limits are connected with reference data used for training. Long-term
drought characteristics from the drought monitoring programme Intersucho are derived
from regional-scale programme models of evapotranspiration and soil moisture on the
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basis of a robust model, SoilClim [16,23,24,70], which takes into account soil characteristics,
type and phenology of vegetation cover, LULC, snow cover accumulation, and melting.
It may be argued that not all of the relations in microclimate can be clearly revealed on
the basis of the regional model data. For example, the proposed RF regression model
showed that the importance of greenery density and waterbody proximity was lower than
expected based on experience and a literature review [71–73]. Similar conclusions were
reached by [34], who also used a RF regression model. Proposed outputs can be used for
preventative measures as presented in this study, but other methods, such as multi-linear
regressions, should be used, or other experts or studies should be referred to in order to
obtain a deeper understanding of factor importance [34].

Another source of uncertainty is the usage of global circulation models (GCMs) for
scenario development (prediction). This uncertainty issue was dealt with by [74] in a
study from the Washington state (US). However, due to a lack of detailed data of future
climate conditions, GCMs are used for local studies too, e.g., for regions of the Czech
Republic [24,75], Edwards Plateau (Texas, US) [76], and Centre-du-Québec (Canada) [77]. To
reduce uncertainty, ensembles of models are often employed for modelling scenarios [76,77].
In some cases, individual models are evaluated and data from the model which performs
best [78] or from a central model (closest to median value), e.g., this study and [46],
are employed.

The proposed model captures trends in drought development and its spatial distri-
bution suitably, thus supporting spatial decision-making. Nevertheless, modelling of the
exact impact of individual changes in the landscape is a subject for future research and
would require further expertise and detailed information of LULC, landscape patterns, and
soil moisture [79].

5. Conclusions

Drought is one of the most threatening hazards connected with climate change. Pre-
paredness of different actors will be crucial for the development and implementation of
climate adaptation measures. These actions cannot be conducted without conceptual plan-
ning based on high-resolution information systems [80]. Many research projects about
drought focus on specific fields such as agriculture, forestry, hydrology, etc. Municipalities
are key players, as they contribute to climate action policy, but they are also affected by the
impacts of drought [3,28,57]. This is very challenging, especially for small municipalities
which face obstacles due to limited budget, lack of human resources or insufficient access
to scientific knowledge [25,27,28,59].

National or international drought services provide long-term monitoring, but the
spatial resolution of these data does not fully meet the requirements for applicability to
local purposes. This study presents a model which enables the downscaling of the national
drought monitor data Intersucho to the scale suitable for decision-making relative to
landscape management and land-use planning at the municipality scale. The input datasets
for this model were developed mostly with publicly available data. By employing GCM
climatic data prediction, the model enables prediction of future trends in the development
of drought prevalence with regard to climate change.

The RF regression model was created in ArcGIS Pro 3.0.2 environment. Twelve factors
related to climate, land use/land cover, and topography characteristics were employed. The
model was implemented in four areas of interest, which were chosen to capture landscape
variability with respect to the geomorphological unit Central Moravian Carpathians. Long-
term drought characteristics for the years 1961–2014 from the national drought monitor
Intersucho were used for training, 2000 trees were created, and almost 40,000 reference
points were involved in the training process. The model could explain 70% of data variabil-
ity on average.
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A finer detail of drought prevalence was modelled employing finer LULC and topo-
graphic data, and future trends in drought development were obtained on the basis of IPSL
global circulation model predictions for representative concentration pathway 4.5 scenario.
Even though the studied areas are not regarded as drought hazard areas, an increasing
risk of drought hazard is obvious in all of them. A more dramatic progression can be
expected in municipalities occupying lowland with significant shares of arable land, whilst
lower hazard is predicted in municipalities with high shares of forests and woodland cover
located in higher altitude.

Quantification of drought hazard regarding individual LULC categories is also pro-
vided. Arable land with low shares of tree cover show the highest rise in drought hazard,
whilst forests and areas with significant tree cover show low rise of drought hazard.

Implementation of model outputs decision-making at the municipality level is sug-
gested. In addition to development plans and bivariate visualisation techniques, detailed
maps of relationship in greenery development and drought hazard development were
created. Places with high drought hazard and no increase in greenery density can be easily
identified as well as areas with high greenery development, which will face significant
drought. Such information is important for sustainable landscape management planning.

Even though the model is created for Central Moravian Carpathians, the method can
be used for other regions as long as the data is available. Transferability of the method is
supported by using mostly publicly available data.
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