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ARTICLE INFO ABSTRACT

Keywords: Urban areas are particularly affected by heatwaves through the intensification of heat stress by the urban heat

LCZ island effect. For effective climate change adaptation, information about microscale surface cover, structures,

Urban heat island and human activity in cities is needed to depict the underlying causes of urban heat stress. The framework of

Iéii dizeramr “Local Climate Zones” (LCZs) classifies and standardizes urban areas based on such characteristics. To date, most

Urban canopy parameter LCZ mapping workflows use satellite imagery as input. The resulting maps may lack some important details, and

Decision tree thus benefit from the use of additional geodata. We introduce a novel approach that combines the geodata of
urban canopy parameters with the remote sensing-based LCZ map of Bern, Switzerland. City-specific urban
canopy parameters are calculated and used to adjust established value ranges, if necessary. The most common
misclassification patterns are identified and misclassified pixels are corrected using a decision tree and k-nearest-
neighbor algorithm. Results show that the conformity with the urban canopy parameter values markedly
increased, especially in the distinction of water surfaces, non-built areas, and building height. However, for high-
resolution LCZ maps, this also leads to unnecessary heterogeneity, which may require further postprocessing.
Given sufficiently available urban canopy parameter data, the proposed workflow is simple and easily adaptable
for other cities. It could prove useful in urban climate studies and city planning to enhance an existing LCZ map
in a contextualized manner quickly.

1. Introduction health interventions and urban planning acknowledging the causes of

UHIs. For modeling or predicting urban heat stress, data about building

Climate change adaptation has become a matter of urgency, partic-
ularly in urban areas. High air temperatures are intensified through
dense built-up structures, highly sealed surfaces, sparse vegetation, as
well as anthropogenic heat emissions. This results in enhanced air
temperatures in urban areas compared to their rural surroundings; a
phenomenon referred to as the urban heat island (UHI) effect [28]. UHIs
in the urban canopy layer (UCL, layer between urban surface and roof
level), are especially pronounced during night due to slow cooling of the
urban surface and subsurface [28]. The UCL is the most relevant layer of
the urban atmosphere for human wellbeing [28,30], which is illustrated
by increased risks of morbidity and mortality among vulnerable persons
living in urban areas [22,28], causing for example 5.9 % excess deaths
during the heat summer of 2015 in Switzerland [33].

Effective climate change adaptation in cities thus requires public

structure and land cover is essential [1]. Aiming for global applicability,
Stewart & Oke [30] introduced the Local Climate Zones (LCZ), as a
climatological classification framework for urban areas based on the
thermal properties of the local land cover and building type as well as
anthropogenic heat fluxes and emissions. Out of the total 17 LCZ classes,
10 refer to specific building types and 7 to the land cover without
buildings. They are defined by ranges of 10 urban canopy parameters
(UCP). Each LCZ class exhibits a characteristic micro-climatic regime
within the UCL “that is most apparent over dry surfaces, on calm, clear
nights, and in areas of simple relief” [30], p. 1884). LCZs are thus useful
for urban climate modeling or for analyses of urban climate measure-
ment data. The horizontal extent of an LCZ can range from a few hun-
dred meters to several kilometers, depending on local conditions. For
LCZ classifications, areas of at least one square kilometer are
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recommended [30].

Typically, three main methods of LCZ mapping are used: manual,
remote sensing (RS), and GIS-based [29].

Manual mapping is the most precise but requires extensive time re-
sources and expert knowledge and, thus, is typically not used for city-
wide mapping [30]. It is mostly used to classify single reference sites
and to qualitatively evaluate automated LCZ mapping results.

RS-based mapping uses object-based image analysis or supervised
pixel-based classification [13,19]. The most used LCZ mapping tool [1]
is the LCZ generator, which is based on satellite image analysis and re-
quires solely training areas and metadata as input [8]. The LCZ gener-
ator was integrated into the open access “World Urban Database and
Access Portal Tools” (WUDAPT) an online database for crowdsourced
information about the form and functionality of the UCL worldwide,
with LCZ maps being Level 0 data. The LCZ mapping using this frame-
work is therefore further referred to as the WUDAPT LO workflow [38].
The workflow is globally applicable as satellite images are available for
the whole globe. All required software and data are free and the results
are publicly available, rendering the LCZ generator easily accessible and
well-suited for transdisciplinary applications. On the downside, the
machine learning algorithm of the WUDAPT LO workflow depends on
the quantity and quality of the training samples and satellite images
[38]. Inaccuracies also arise because the building height is difficult to
derive from the 2D perspective [26,34]. Land cover LCZs are classified
more accurately. In mixed-use and heterogeneously built areas, the LCZ
generator may struggle to classify the correct dominant LCZ class [36,
35].

GIS-based mapping approaches use different types of geodata like
land cover information, cadastral data, and digital surface models from
which UCPs and mapping units are derived. LCZs are then derived using
different classification procedures according to the typical UCP value
ranges defined by Stewart & Oke [30]. The most commonly used is fuzzy
logic to determine the degree of membership to each LCZ [10,13,26,32].
Other studies have developed rule-based decision making and clustering
algorithms [14,19,5]. Wicki & Parlow [35] calculated the UCP values
for LULC classes and linked them to the LCZ scheme according to the
UCP value ranges defined by Stewart & Oke [30]. Hammerberg et al.
[18] used a probabilistic naive Bayes classifier. GIS-based LCZ maps
generally reach a higher overall accuracy than RS-based maps [34,26].

One major challenge in GIS-based mapping is the global availability
of UCP geodata, which varies in quality and quantity, making it chal-
lenging to create a globally applicable workflow. One study proposed a
method to derive UCPs from Open Street Map data [12]. Although LCZs
are designed to be globally comparable, they are derived from North
American cities’ large-scale and homogeneous structures [35] and
typically, a minimum LCZ size of 400 m is recommended. Consequently,
accuracy issues in GIS-based maps often arise because their LCZs do not
match the typical values of UCPs, and small-scale heterogeneous struc-
tures cannot accurately be mapped, resulting in mixed pixels [25,30,35].
To account for the morphological character of local architectural styles,
different studies have adapted the original UCP value ranges [15,26],
while others mixed, added, or removed some of the standard LCZ classes
[5,29].

To overcome some of the shortcomings of RS- and GIS-based map-
ping and reach higher classification accuracy, combinations of GIS- and
RS-based mapping have been suggested [20,29]. Fonte et al. [12] pro-
posed a weighted combination of GIS-based maps derived from OSM
data with fuzzy logic approach and seasonal WUDAPT maps. This allows
to weigh the data sources depending on their reliability. Gél et al. [13]
replaced the post-classification majority filtering of the WUDAPT
method with an aggregation process used in GIS-mapping, where single
pixel LCZs are aggregated to homogeneous zones of at least 250 m. GIS-
based approaches are also incorporated into pre-processing by aiding
the selection of training data for the WUDAPT workflow. Zhou et al. [37]
extended the WUDAPT LO workflow by adding a pre-set recognition of
the standard LCZ classes to select training areas. By deriving UCPs from

City and Environment Interactions 21 (2024) 100135

building data, DEMs/DSMs, and an NDVI product two sets of training
areas were selected, one including the standard LCZ classes by Stewart &
Oke [30], and a second set with additional sub-classes. Muhammad et al.
[26] derived new training areas from a GIS-based mapping approach
and used them to improve the WUDAPT mapping result.

There is currently no generally accepted workflow for combined RS-
and GIS-based mapping since the research in this field faces, again,
multiple challenges such as lacking geodata, unclear methodological
specification, and global variability in LCZ properties [20,29,30]. The
present study thus contributes to the ongoing research on combined LCZ
mapping method with a novel approach combining the straightforward
and accurate RS-based mapping tool “LCZ generator” with GIS-based
LCZ mapping. In detail, we propose an accuracy assessment of the RS-
based LCZ map of the city of Bern, Switzerland, using urban canopy
parameter (UCP) geodata and a subsequent customized revision of the
most dominant patterns of misclassifications, to optimize the accuracy
and usability of the LCZ map.

2. Material and methods
2.1. Study area

The mapped area spans 13.4 km (east-west) by 11.7 km (north-
—south), covering the entire city of Bern, Switzerland, and parts of the
neighboring municipalities. Bern lies at an average elevation of 550 m a.
s.l. and has a relatively complex topography affecting the local climate:
The surrounding hills alternate with valleys and the Aare River flows
through the city in a deeply incised riverbed [4,17,21]. Bern is the fifth
largest Swiss city with a population of approximately 135,000, which
results in a population density of 2600 inhabitants per km? [11].
Throughout the reference period of 1991-2020, the official weather
station Bern/Zollikofen, located north of the city, registered an annual
mean temperature of 9.3 °C and 9.0 heat days on average (maximum
temperature > 30 °C). The annual precipitation sums averaged 1022
mm [24].

2.2. LCZ mapping and WUDAPT

The 17 standard LCZ classes are grouped into built types (LCZs 1-10)
and land cover types (LCZ A-G) (Fig. 1). Each LCZ is characterized by a
set of 10 UCPs, which are based on geometric and surface cover prop-
erties and allow to compare LCZs independently of construction mate-
rials and ambient atmospheric and radiative conditions [30,35]. These
include sky view factor, aspect ratio, building surface fraction, imper-
vious surface fraction, pervious surface fraction, height of roughness
elements, and terrain roughness class. Thermal UCPs are surface
admittance, surface albedo, and anthropogenic heat output [30].

One way to generate LCZ data is via the open access “World Urban
Database and Access Portal Tools” (WUDAPT) which was developed to
collect crowdsourced information about the form and functionality of
the UCL worldwide. The data can be used to model characteristics of the
urban atmosphere and serves as an important basis for urban planning.
WUDAPT provides an integrated online tool for generating LCZ maps:
the LCZ generator [8]. It provides a variety of earth observation features
as input. Its random forest classifier is implemented in Google Earth
Engine [16] to generate LCZ maps using only site metadata and training
areas as user input [8]. It replaces the former WUDAPT mapping
workflow, which relied on Landsat 8 data as input to a random forest
classifier embedded in SAGA GIS [6].

2.3. Data and preprocessing

Even though a minimum pixel size of at least 400-1000 m is rec-
ommended [30] for LCZs, a pixel size of 50 to 100 m was estimated to be
more appropriate for an LCZ map of Bern, based on related research
about the city’s urban climate. Previous studies modelled the
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Fig. 1. The 17 standard LCZ classes. Source: Stewart and Oke [30]. ©American Meteorological Society. Used with permission.

temperatures in Bern at a 50 x 50 m spatial resolution using MUKLIMO
[21] and a LULC regression model [5,39]. Their results indicated that
Bern has small-scale, heterogeneous structures with a notable warming
or cooling effect such as small, vegetated areas and the city’s river which
is an important source of cold air flows [4]. These studies used a qual-
itative LCZ classification of the measurement sites by Gubler et al. [17]
considering their directionally independent microclimate of 100 x 100
m to evaluate the modelling results. An LCZ map of Bern was produced
in 2020 using the former WUDAPT LO workflow in SAGA GIS. This map,
further referred to as “WUDAPT map”, is the basis for our evaluation and
revision using the UCP datasets. Due to unknown reasons, the WUDAPT
map was generated at 78.8 x 78.8 m resolution. This resolution was
retained, as it was found to be representative of Bern’s urban landscape

and a resampling to 50 or 100 m may have introduced unidentifiable
biases. For further usage, a map in 50 m resolution was resampled from
the WUDAPT map and subjected to the same revision workflow (see
Appendix). The results of our study, however, exclusively pertain to the
revision of the original 78.8 m WUDAPT map.

A total of 7 UCPs are gathered as raster and vector data sets (Table 1).
Sky view factor (SVF), building surface fraction (BSF), impervious sur-
face fraction (ISF), and height of roughness elements (HRE - either build
height (-BH) or vegetation height (-VH)) are adopted from the original
framework and obtained from previous research [4,15], the European
Environment Agency [10], and the Office for Geoinformation of the
Canton of Bern [27]. As in other studies [19,29], a few additional surface
fraction types are introduced, namely water areas, sealed surface

Table 1
Overview of UCP datasets. SVF, BSF, ISF, and HRE are according to Stewart and Oke [30], WSF, SSF, and FSF are additional.
ucp Description Source Data type
Sky View Factor SVF Ratio of the amount of sky hemisphere visible from ground level to that of an ~ Burger et al. [4] Raster, 5 m
unobstructed hemisphere
Building Surface Fraction Ratio of building plan area to total plan area (%) Burger et al. [4] Vector
Impervious Surface ISF Ratio of impervious plan area (artificially sealed soil) to total plan area (%) European Environment Agency [10] Raster, 10
Fraction m
Height of Roughness HRE- Arithmetic mean of building heights (BH) (LCZs 1-10) and vegetation heights ~ Burger et al. [4] and Ginzler & Hobi [15] Vector
Elements BH (VH) (LCZs A-F) (m) Raster, 10
HRE- m
VH
Water Surface Fraction WSF Ratio of water body plan area to total plan area (%) Office for Geoinformation of the Canton of ~ Vector
Bern [27]
Sealed Surface Fraction SSF Ratio of sealed plan area to total plan area (%) Office for Geoinformation of the Canton of ~ Vector
Bern [27]
Forest Surface Fraction FSF Ratio of forest plan area to total plan area (%) Office for Geoinformation of the Canton of ~ Vector

Bern [27]
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Fig. 2. High resolution (10 m pixel size) UCP maps of A) Sky View Factor (SVF) [0-1], B) Building Surface Fraction (BSF) [0-1], C) Impervious Surface Fraction (ISF)
[0-1], D) Height of Roughness Elements: Building height (HRE-BH) [m], E) Height of Roughness Elements: Vegetation Height (HRE-VH) [m], F) Water areas [0: no
water, 1: water], G) Sealed Surface Fraction (SSF) [0-1], and H) Forest Surface Fraction (FSF) [0-1].
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Value ranges and means of UCPs used for the revision. Generally, the established value ranges by Stewart & Oke [30] are adopted, but they are in brackets if new, city-
specific values exist for Bern. The mean values of the established value ranges by Stewart & Oke [30] are listed only for the built type LCZ because they are needed in
the further revision process. The italic values are used in our revision algorithm specifically as thresholds to check for misclassified pixels (Table 3) and in the sub-

sequent reclassification via decision tree and KNN algorithm (Fig. 4).

LCz SVF BSF ISF [%] HRE [m]

min max mean min max mean min max mean min max mean
1 0.19 (0.2) 0.5 (0.4) 0.35 0.3 (0.4) 0.7 (0.6) 0.50 30 (40) 70 (60) 50 25 200 40.0
2 0.24 (0.3) 0.7 (0.6) 0.47 0.4 0.77 (0.7) 0.59 23 (30) 54 (50) 39 10 25 17.5
4 0.4 (0.5) 0.7 0.55 0.1 (0.2) 0.4 0.25 20 (30) 50 (40) 35 22 (25) 200 40.0
5 0.4 (0.5) 0.8 0.60 0.16 (0.2) 0.44 (0.4) 0.30 20 (30) 50 35 10 22 (25) 16.0
6 0.5 (0.6) 0.9 0.70 0.16 (0.2) 0.4 0.28 10 (20) 50 30 3 10 6.5
8 0.6 (0.7) 1 0.80 0.2 (0.3) 0.6 (0.5) 0.40 30 (40) 60 (50) 45 3 20 (10) 11.5
9 0.7 (0.8) 1 0.85 0.1 0.2 0.15 0 28 (20) 14 3 20 (10) 11.5
10 0.52 (0.6) 0.9 0.2 0.4 (0.3) 20 50 (40) 5 23 (15)
A 0 0.4 0 0.1 0 10 3 30
B 0.42 (0.5) 0.9 (0.8) 0 0.1 0 10 2(3) 15
C 0.6 (0.7) 0.9 0 0.1 0 20 (10) 0 2
D 0.9 1 0 0.1 0 17 (10) 0 1.6 (1)
E 0.8 (0.9) 1 0 0.1 70 (90) 100
G 0.8 (0.9) 1 0 0.1 0 19 (10)

fraction, and forest surface fraction. The latter three were derived from
the administrative land cover dataset (Office for Geoinformation of the
Canton of Bern, 2021). A few preprocessing steps are performed for
specific data sets. Firstly, building footprints are masked in the SVF
because the parameter is supposed to be measured at UCL height (1-2 m
above ground), and the high SVF values on the rooftops would falsify the
data. Secondly, HRE-BH is calculated as the building footprint weighted
arithmetic mean of building heights [29]. Pixels containing no buildings
or no vegetation, respectively (for HRE-VH), are masked. Finally, all
datasets are converted into raster files on a common 78.8 x 78.8 m grid
(Fig. 2).

2.4. Determination and evaluation of city-specific UCP value ranges

Stewart & Oke [30] established fixed value ranges of UCP-values for
each LCZ but noted that “metadata are unlikely to match perfectly with
the surface property values [UCP] of one LCZ class” (p. 1891). In this
case, the most fitting LCZ class should be determined. Demuzere et al.
[7] conclude from comparing UCP mean values in different LCZ classi-
fications of European cities that some value ranges may need to be
redefined. To redefine city-specific UCP value ranges for Bern, the
training areas previously defined for the WUDAPT mapping (see Section
2.3) are repurposed. They are polygons covering continuous and ho-
mogeneous areas that are representative of the individual LCZ classes in
Bern. The mean, the standard deviation, as well as the minimum and
maximum value of each UCP are calculated for the training areas of each
LCZ class. A confidence interval of +/- 2 standard deviations is defined
and compared to the established value ranges, which are adjusted if the
confidence interval exceeds them. However, a maximum threshold for
these adjustments should be defined. Therefore, based on a sensitivity
analysis with 5, 10, 15, and 20 % (see Appendix), we decided to make
the adjustments conservatively, with no more than 10 % (e.g. changing
the minimum SVF from 0.3 to 0.2). In few cases, the UCP minima and
maxima were set manually. HRE, for example, is not adjusted in every
case because the building height is a central factor in distinguishing the
LCZ classes. Only the maximum HRE of LCZs 8-10 are allowed to be
adapted. The minimum HRE of LCZ B is reduced from 3 to 2 m, to close
the gap to the maximum HRE of LCZ C (2 m). For a more accurate
representation of LCZ E, the ISF is reduced — based on visual analysis of
different thresholds - from 90 % to 70 %.

Minimum thresholds for the newly defined surface fractions are set
only for the relevant LCZ classes. Different thresholds are tested and
compared visually before settling on the following: LCZ A is character-
ized by FSF >=0.8, LCZ E by SSF >= 0.7, and LCZ G by WSF >= 0.4.

LCZ 3 (compact low-rise), 7 (lightweight low-rise), and F (bare soil or

sand) do not occur in Bern.

2.5. Qualitative analysis of main misclassifications in the WUDAPT map

Using the city-specific UCP value ranges, an initial statistical accu-
racy analysis is conducted, providing percentages and distributions
indicating value range conformity for each UCP and each LCZ. This,
combined with a visual examination of the LCZ map against aerial
photos [31], allows to identify prominent misclassification patterns.
Depending on building structure, surface cover, climate zone, input
data, and mapping algorithm quality, these patterns may differ from city
to city. They guide the subsequent revision steps. Therefore, it is advised
to focus on a few commonly occurring patterns, particularly on those
that occur in thermally and morphologically very different LCZ classes
and would presumably influence the results of numerical models based
on LCZs and impair the maps usability in city planning for heat
mitigation.

In this paragraph, we present some suggestions on how to select the
patterns and how to adapt these rules for other urban morphology types.
Generally, confusions between LCZs of similar thermal behavior weigh
in less than between thermally different LCZs [5]. This may be slightly
different from city to city (see the Appendix for a brief analysis of
thermally similar LCZs in Bern). Confusion between built type and land
cover type LCZs will most likely appear in all LCZ maps and can be easily
checked using the BSF. This should be the first step, to have a clear
grouping of built and non-built pixels. In a very green city, it will also be
important to differentiate between compact (1-3) and open built (4-6,
9) LCZs using the BSF, aspect ratio, and UCPs indicating vegetation
cover and sealing such as ISF, PSF and VH. In a highly sealed city, the
building height and spacing (differentiation of LCZ 1-3, 7, 8, 10) may be
more important. For this, BH, SVF and aspect ratio can be used. Building
height can be difficult to be recognized by the LCZ generator, and
therefore may cause numerous misclassifications [26,34]. Single pixels
and boarders between LCZs in the WUDAPT map should be examined
specifically since they are prone to be misclassified. Vegetated land
cover LCZs can be distinguished if there is VH and/or SVF data available.
An NDVI product may help to distinguish vegetated areas from non-
vegetated areas [37], and, especially in dry climates, bare ground, or
dry, non-cooling vegetation from green vegetation. Furthermore, with
local knowledge of the city, areas of special interest, measurement sta-
tions, small-scale structures, and areas that are known to have a
particular heating or cooling effect can be examined on the map in order
to see if the WUDAPT workflow classified them correctly. It is advisable
to use aerial or satellite images as a reference to visually compare with
the LCZ map. If the city is subjected to seasonal climate variations,
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Fig. 3. Overview of our workflow. It shows all input data and processing steps from creating a WUDAPT map with the LCZ Generator [8] to revising it with our
proposed workflow to get the final revised map. All the processing steps (black, blue, or green bordered) are described in detail in Sections 2.2 — 2.6. (For inter-

pretation of the references to color in this figure legend, the reader is referred

pictures of different seasons might support the identification of mis-
classifications. Lastly, removing LCZ classes that don’t exist in the area
of interest, allows to identify pixels of these classes as misclassifications
directly and simplify the revision algorithm. LCZ classes can also be
excluded only from the revision, meaning that existing pixels of this
class will be left on the map, but no new pixels will be classified in the
revision. This can be helpful if there are not enough or no suited UCP
geodata available to identify this class, or if the class is very rare to avoid
the risk of wrong reclassification of pixels.

2.6. Revision

The revision of the LCZ map proceeds in three steps (Fig. 3): In step
one, misclassified pixels (or LCZ spatial units) are identified using
queries that check specifically for the chosen four selected misclassifi-
cation patterns (Table 3, see also Sect. 3.1). The queries only check on
characteristic variables for the LCZ type, i.e., BSF for the distinction of
LCZ 1-10 and LCZ A-G, WSF for LCZ G, BH for LCZ 4, as well as BSF, ISF,
and SSF for LCZ E). In some cases, the correct LCZ can immediately be

Table 3

Queries for identifying misclassified pixels (revision step 1, see Fig. 3). This
specific order, as listed, is essential because some queries are based on previous
ones. The new LCZ is either directly classified or marked as unclear (NA) and
passed to revision step 2 (see Fig. 4).

LCZ in WUDAPT Query LCZ in revised
map map
LCZ 1-10 vs. A-G LCZ == 1-10 AND BSF < 0.08 unclear
LCZ == A-G AND BSF > 0.12 unclear
LCZ G (Water) LCZ!= G AND WSF >= 0.4 G
LCZ == G AND WSF < 0.4 unclear
LCZ E (bare rock or LCZ!=E AND (BSF < 0.1 AND (ISF >= E
paved) 0.7 OR SSF >= 0.7)
LCZ == E AND (BSF >= 0.1 AND (ISF < unclear
0.7 OR SSF < 0.82)
LCZ 4 (open high- LCZ == 4 AND BSF < 0.08 unclear
rise) LCZ == 4 AND 10 <= BH < 22 5
LCZ == 4 AND BH < 10 6

to the web version of this article.)

determined; in other cases, the pixel or unit is flagged as unclear,
meaning the LCZ must be reclassified in the following steps. In step two
(Fig. 3), land cover type LCZs are reclassified via a manually constructed
decision tree (Fig. 4). The built type LCZs are not unequivocally

BFS <0.08 |-no—> LCZ1-10
T
yes J/
KNN
LCZ A-B

\’

ISF > 0.7 or SSF > 0.7 l

\ryes# now
LCZE WSF > 0.4
L
N yes no \l, l
LCZ G r FSF>0.8 SVF
LCZA ¢ <p4—
LCZB ¢« 04-09—
LCZD «— >p09

Fig. 4. Decision tree. The darker green boxes mark the final LCZ class. Pixels of
LCZs 1-10 are passed on to the KNN algorithm (revision step three). (For
interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
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distinguishable by just one or two UCP values due to frequent over-
lapping of their UCP value ranges and missing UCPs such as aspect ratio
and anthropogenic heat output. Therefore, a machine learning algorithm
is more appropriate to find the most fitting LCZ. Here, a k-nearest-
neighbor (KNN) algorithm is applied [23]. This classification procedure
classifies the remaining unclassified LCZ units based on training data (in
this case, 4-dimensional data points from the mean values of the four
UCPs from Table 2) by identifying the k closest training data points and
choosing the most frequently occurring class. Since there is only one
training data point per LCZ, k is set to 1. LCZ 10 (heavy industry) is
excluded from this process because it shows many similarities to LCZ 8
in Bern, and many pixels were misclassified as LCZ 10 during test runs.
The extent of this zone in Switzerland, notably in Bern, is debatable due
to the outsourcing of most heavy industry to the outside of the cities and
to other countries. Choosing classification features like silos and chim-
neys results in certain waste incineration, sewage treatment plants, or
other industrial sites (LCZ 8) with taller buildings being classified as LCZ
10 by the LCZ generator.

2.7. Evaluations

To evaluate the results of the revision and the usability of the
approach, three types of evaluations are conducted. First, a quantitative
analysis provides an overview of the reclassification results, highlighting
spatial and LCZ class-specific changes. A confusion matrix displays the
reclassifications among all LCZ classes and change rates. To analyze
which classes are thermally different in Bern, data from the 80 stations
of the urban climate measurement network in Bern is used [17]. The LCZ
of each site is manually classified using satellite imagery and on-site
photos. Then, mean nighttime (10PM to 7AM) temperatures of the
summer 2023 (June-August) are aggregated from a 10-minute temporal
resolution and the distribution of mean temperature per LCZ class is
plotted (Appendix A: Fig. A2). A Kruskal-Wallis test and a post-hoc
Dunn’s test for pairwise multiple comparison are performed on the
same temperature data. The Dunn’s test indicates which LCZ classes are
significantly different from each other. These pairs are then marked in
the confusion matrix. Second, a visual assessment is performed in two
selected areas to emphasize marked changes. Comparing the WUDAPT
and revised LCZ maps with aerial photographs [31] allows for a quali-
tative evaluation of classification accuracy.

Lastly, a statistical evaluation before and after the revision assesses if
the UCPs of a pixel conform to the value ranges (both the original ones
by Stewart & Oke [30] and the Bern-specific ones) of the classified LCZ.
Pixels conforming to all examined UCP value ranges (SVF, BSF, ISF,
HRE, and WSF) are considered correctly classified. The overall accuracy
(OA) is defined by the percentage of pixels conforming to all examined
UCP value ranges. Improvements of the approach are quantified via the
percentual increase of pixels in agreement with the Bern-specific UCP
value ranges. Additionally, percentual differences of correctly classified
pixels compared to a revision with the original UCP value ranges by [30]
quantify the influence of the UCP adaptation on the result. HRE is not
analyzed for LCZ E and G because the two classes are neither charac-
terized by buildings (HRE-BH) nor vegetation (HRE-VH). Theoretically,
they would exhibit values of 0 HRE, but in practice, an LCZ E or G pixel
will likely contain some patch of vegetation or building fraction, which
influences the HRE, especially when mapping on a pixel basis.

3. Results
3.1. Misclassification patterns in the WUDAPT LCZ map

Our analysis shows that the WUDAPT-based approach represents a
majority of LCZs well. In the following, the four main misclassification
patterns are described shortly by referring to their influence on the local
climate.

For Bern, we identified four main misclassifications, which appear
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frequently and would presumably influence the results of numerical
models based on LCZs and, thus, are worth revising: 1) The correct
distinction of built type (LCZ 1-10) and land cover type LCZ (A-G), 2)
Water bodies (LCZ G), 3) bare rock or paved (LCZ E), and 4) open high
rise (LCZ 4). Generally, confusions between LCZs of similar thermal
behavior weigh in less than between thermally different LCZs. The four
main patterns of misclassifications can easily be detected algorithmi-
cally using building footprints, water surface data, and land cover data.

e Sparsely built LCZs are confused with land cover LCZs, and vice
versa. The correct distinction between built type (1-10) and land
cover type LCZs (A-G) is essential because the two groups differ
significantly in form, function, and thermal properties. Built and
sealed areas are characterized by reduced airflow and increased
turbulence because of the terrain roughness, as well as increased
sensible heat fluxes through heat stored in building materials and
reduced latent heat fluxes due to the limited water-storing capacities
of the surfaces [28].

e Water bodies (LCZ G) are mapped in a fragmented, sometimes

inaccurate way, small water bodies are disregarded, and bright forest

surfaces or gravel roads are misclassified as LCZ G. The correct
mapping of water bodies (LCZ G) is critical to LCZ mapping because
water can have a strong cooling effect. In particular, the river Aare in

Bern alters the UHI, and cold airmasses may accumulate in the

riverbed [4,17].

Small-scale LCZ E (bare rock or paved) are misclassified as built type

LCZs or as pervious land cover LCZs. LCZ E differs strongly from

other land cover type LCZ and built type LCZ. Due to its high

imperviousness, latent heat fluxes are reduced compared to pervious,
vegetated areas, and the lack of buildings creates different ventila-

tion situations [28].

e LCZ 4 (open high rise) is overrepresented, meaning the classification
algorithm overestimates the building height. Again, building height
influences ventilation, radiative properties, and UCPs such as the
SVF.

3.2. Quantitative and spatial overview of the reclassifications

The final map (Fig. 5A) shows reclassified pixels across the entire
area (Fig. 5B). However, they mainly appear along water bodies, i.e., the
Aare River, on the borders of built areas, across sealed areas such as
highways, and in sparsely built areas in and around the city. A total of
4522 pixels, or circa 18 % of the map, were reclassified (Table 4).

A clear systematic of misclassifications, in the sense that “LCZ x is
solely misclassified as LCZ y”, cannot be determined. However,
observable tendencies (Table 4) align with the discussed revision focus
points (Section 3.1). Pixels are only corrected if they are checked for
UCP value conformity in revision step 1 (Fig. 3, Table 3). No new pixels
are classified as LCZ 10 and C because these classes were excluded from
the revision. Changes appear primarily in land cover type LCZs mis-
classified as built type LCZs (Table 4, top right). Reclassifications within
built type LCZs (Table 4, top left) occur only from LCZ 4 to 5 and 6 due to
the design of revision step 1 (Table 3). No reclassifications occur among
LCZs A, B, C, and D (Table 4, bottom right), as these are only corrected if
they belong to built type LCZs, or LCZ E, or G. The correct distinction of
LCZ E and G is important, as they differ markedly from the other land
cover type LCZs. Reclassifications by the KNN algorithm (Table 4, bot-
tom left) appear primarily in LCZs B and D, reclassifying them to LCZ 6
and 9 in sparsely built-up or peripheral areas where buildings were
“overlooked” by the random forest classification procedure of the
WUDAPT workflow. The absolute changes (Table 4) indicate a reduction
in pixels within built type LCZs, as well as LCZ C and G, after reclassi-
fication. The rates of unchanged pixels (Table 4), especially in LCZ 4
(14.6 %), 9 (29.2 %), and E (19.4 %) suggest low accuracy in the
WUDAPT classification for LCZ 4, 9, and E, while LCZ 1, A, C, and D
show high accuracy (>90 %). Land cover type LCZs are generally
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Fig. 5. Revised LCZ map with the extents of Fig. 6AB and 6CD marked as black rectangles, and B) all pixels changed in the revision process.

Table 4

Confusion matrix of the reclassified pixels among LCZ classes. The horizontal boxes show the revised map, the vertical boxes show the WUDAPT map. The changes are
divided into four groups, represented by the four quadrants: reclassifications from built type to land cover type LCZ using the decision tree (top right), reclassifications
within land cover type LCZ (bottom right), reclassifications from land cover type to built type LCZ using the KNN algorithm (bottom left), and reclassifications within
built type LCZ (top left). Below are the total numbers and ratios of pixels in the respective LCZ class after the revision, as well as the absolute changes, and the
percentages of pixels that remained unchanged, i.e., were correctly classified in the WUDAPT approach. The blue cells indicate reclassifications between thermally

different LCZ classes.

LCZ revised
Built type LCZ Land cover type LCZ
1 2 4 5 6 8 9 10 A B C D E G total pixels
1 11 0 0 0 0 0 0 0 1 0 0 0 0 0 12 0.0%
2 0 366 0 0 0 0 0 0 1 6 0 14 27 0 414 1.6%
o 4 0 0 94 253 86 0 0 0 46 114 0 26 25 1| 645 2.6%
:& 5 0 0 0 2171 0 0 0 0 27 132 0 171 41 4| 2546 9069 10.1% 36%
S 6 0 0 0 0 1754 0 0 0 46 138 0 179 20 9| 2146 8.5%
'_E < 8 0 0 0 0 0 388 0 0 10 30 0 56 67 4 555 2.2%
:gn 9 0 0 0 0 0 0 790 0 403 627 0 813 6 69 | 2708 10.8%
,3 10 0 0 0 0 0 0 0 27 4 3 0 2 0 7 43 0.2%
= ° A 0 0 0 5 7 4 11 0| 5466 0 0 0 0 27 | 5520 21.9%
g B 3 1 5 19 52 44 48 0 0 1245 0 0 2 14| 1433 5.7%
g C 1 0 0 0 4 2 1 0 0 0 335 0 0 21| 364 16112 1.4% 64%
S ] 4 4 1 45 145 156 138 0 0 0 0 7664 6 7| 8170 32.4%
E E 15 0 0 1 0 53 0 0 0 8 0 6 20 0| 103 0.4%
G 0 1 2 3 7 11 8 0 97 58 0 7 0 328 | 522 2.1%
34 372 102 2497 2055 658 996 27| 6101 2361 335 8938 214 491
total pixels 6741 18440 25181
0.1% 1.5% 04% 99% 82% 2.6% 4.0% 0.1%|24.2% 9.4% 13% 355% 0.8% 1.9%
26.8% 73.2%
abs. change 22 -42 -543 -49 -91 103 -1712 -16 581 928 -29 768 111 -31
11 366 94 2171 1754 388 790 27| 5466 1245 335 7664 20 328
unchanged 5601 15058 20659
91.7% 88.4% 14.6% 85.3% 81.7% 69.9% 29.2% 62.8% |99.0% 86.9% 92.0% 93.8% 19.4% 62.8%
61.8% 93.5% 82.0%

classified more accurately (93.5 %) than built type LCZs (61.8 %). 691
(2.7 %) pixels were changed in thermally significantly different LCZs.
With 18 % of all pixels reclassified in the course of the revision, this
means that 15 % of the changes occurred between thermally different
classes.

In summary, the reclassifications accurately reflect the four
misclassification patterns (Section 3.1). They tend to occur at the edges

of built-up zones and in sparsely built-up areas, as well as in LCZs E, G,
and 4 (Fig. 5). Thus, the choice of revision foci likely overcame the most
severe misclassifications. However, whether these represent general
weaknesses of LCZ classifications with WUDAPT or whether additional
revision foci would reveal different reclassification patterns remains
open.
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3.3. Visual evaluation of two representative city areas

Crosschecking the original and revised LCZ maps with aerial pho-
tographs (Fig. 6) allows a qualitative evaluation of the classification
accuracy. The following passage evaluates two selected areas within the
Bernese municipal area and the most important changes highlighted.

In both areas (Fig. 6C + F), the distinction and borders of built type
and land cover type LCZs is more precise after the revision, as each pixel
has been checked for BSF. The extent of forest patches, pastures, inner-
city parks, and residential areas is displayed accurately. Reclassifica-
tions of built type LCZ can primarily be observed in LCZ 4 and 9. Some
pixels without high-rise buildings are reclassified from LCZ 4 to LCZ 5 or
6 according to their BH values. Portions of highways are recognized as
LCZ E when ISF/SSF values are sufficiently high (Fig. 6BC + F). In the
center/old town area (Fig. 6A-C), LCZ G and the green areas along the
river are represented more accurately (Fig. 6C). A few cases of newly
classified LCZ 9 pixels occur surrounded by compact building areas. In
the peripheral area (Fig. 6D-F), extended areas misclassified as LCZ 9

WUDAPT

revised

0 500

1000 m
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have been reduced to pixels that contain buildings, with 70.8 % of the
original LCZ 9 pixels reclassified as land cover type LCZs, often LCZ D
(Table 4). In the center of the map lies the neighborhood “Wittigkofen”,
correctly identified as LCZ 4 in the WUDAPT map (Fig. 6E). The green
areas between buildings are big enough to be reclassified as separate
LCZs B, resulting in a checkerboard-like pattern (Fig. 6F). Throughout
the whole revised map (Fig. 5A), single pixel LCZ cases can be observed
on small, vegetated areas, water bodies, or sealed areas with minimal
building fraction, such as highways (Fig. 6F). These and the
checkerboard-like patterns are later discussed as “unnecessary hetero-
geneity” (see Section 5.2) because it is questionable whether such
structures are large enough to be classified as separate single pixel LCZs
or whether they should be included in the surrounding LCZ classes.

3.4. Statistical evaluation

The agreement with the Bern-specific UCP value ranges increases in
the majority of LCZ classes (Fig. 7, Fig. 8). The revised map exhibits an

B 0
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Fig. 6. Aerial photos of Bern’s city center around the old town (A) and a peripheral area of the city (Schosshalde/Murifeld) (B) are overlayed with the WUDAPT map
(B and E) and the revised map (D and F). Aerial photos: swisstopo (2022) [31]. © swisstopo.
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OA of 53 %, representing an 9 % improvement with respect to the
WUDAPT map (Fig. 7). The OA (Fig. 7E) is defined by the percentage of
pixels conforming to all examined UCP value ranges (SVF, BSF, ISF,
HRE, and WSF; Fig. 7A-D). It should be noted that this is a very strict
criterion without buffer, tolerance, or weighting, suggesting that the
proportion of correctly classified pixels is likely higher. Also, the OA
after a revision with original UCP values ranges by Stewart & Oke [30]
would be 7 % lower (at 46 %). 91 % of all pixels fall within the specified
BSF values, whereby the agreement is especially high in land cover LCZ
types (Fig. 7C), while built type LCZ tend to have too small BSF values
(Fig. 8B). The agreement was already high before the revision, except for
LCZ E, which shows an improvement of approximately 67 %. LCZ G
exhibits very high agreement in BSF (97 %), ISF (88 %), and WSF (100
%). LGZ G’s SVF agreement is lower at 30 % (Fig. 7), and HRE-VH has
values of up to 33 m (Fig. 8D), likely due to factors such as the WSF
threshold for classification (0.4) or landscape structures like trees along
water banks and the deep riverbed of the Aare River. LCZ E also shows
comparatively big improvements, with 70 % OA (Fig. 7E, Fig. 8A-C).
LCZ 4 achieves 100 % compliance within the specified HRE-BH interval,
representing an 84 % improvement and a 30 % difference compared to a
revision with the original UCP value ranges, owed to the reduction of the
BH threshold from 25 to 22 m (Fig. 7D, Fig. 8D). LCZ 9 shows a notable
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decrease of 19 % in ISF conformity (Fig. 7B), with elevated ISF values
(Fig. 8C), likely due to the restriction of LCZ 9 areas to pixels with BSF
over 10 %.

4. Discussion

The intercomparison and evaluation of the resulting reclassification
require a critical discussion regarding the influence of UCP geodata and
the adjustment of UCP value ranges, the accuracy of the revised classi-
fication, and the usability of the resulting LCZ map.

4.1. UCP geodata as a basis for LCZ revision and evaluation

In general, UCPs are a suitable basis for generating and evaluating
LCZ maps. This is also concluded by various studies that have generated
GIS-based LCZ maps using UCPs [19,20,29]. So far, the combination of
GIS and RS-based mapping has only been explored in a few studies
[12,13,37]. UCPs are precisely those characteristics of an urban envi-
ronment that the LCZ framework summarizes into one single value - the
LCZ class. Thus, given that the UCPs are calculated accurately, we can
assume that an LCZ is correctly classified if the UCP values match the
defined UCP value ranges [20]. Building upon this premise, our study
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Fig. 7. Comparison of pixel conforming (%) to Bern-specific UCP value ranges after revision (green), before the revision (white), and pixels of the revised map
conforming to the original UCP ranges (grey). The Overall Accuracy (OA) measures pixels conforming to all tested UCPs, the groups labelled “all” represents % of
pixels of all LCZ classes conforming to the respective UCP. (For interpretation of the references to color in this figure legend, the reader is referred to the web version

of this article.)
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Fig. 8. Boxplots of UCP distributions per LCZ class. A) Sky view factor, B) Building surface fraction, C) Impervious surface fraction, and D) Height of roughness
elements. Revised map: boxplots with color filling. WUDAPT MAP: boxplots without filling. Bern-specific UCP value ranges: colored rectangles.

hypothesized that integrating UCPs as additional input for identifying
and correcting misclassifications enhances accuracy. Our results confirm
this hypothesis, with an improvement of 9 % of an RS-based LCZ clas-
sification (WUDAPT workflow) using UCPs.

It is important to differentiate the exact usage of the UCPs among the
steps of the revision and evaluation process, namely the mis-
classifications, reclassification of pixels, and evaluation of the new map.
The identification of misclassifications (revision step 1, see Fig. 3) and
reclassifications (occurring directly in step 1 and via the decision tree in
step 2, see Fig. 3) are inherently linked to the WUDAPT map. In other
words, whether a pixel is checked for misclassification and subsequently
reclassified depends on the LCZ assigned in the original classification,
since only the LCZ classes concerned by the selected misclassification
patterns are checked. The Bern-specific UCP value ranges are essential
for the result, as they serve as thresholds for the reclassification via
decision tree. The KNN algorithm (revision step 3, see Fig. 3) is a new
bottom-up classification, relying on mean UCP values rather than
thresholds, but also depending on the identification of misclassification
and preselected according to a BSF threshold.

The choice of UCP datasets determines the ability to identify mis-
classifications and, subsequently, to reclassify the concerned pixels.
Data availability can be a limiting factor in retrieving UCPs [29]. In
Switzerland, various high-quality cadastral data and remote sensing
products are available, but this may differ for other study areas. The
abundance of data allowed us to retrieve most geometric and surface
cover UCPs, except for aspect ratio. Thermal UCPs were not included in
the analysis but could, however, be helpful in further characterizing
industrial areas and compactly built areas [29].

Cadastral data allowed us to introduce and retrieve three additional
surface fractions (WSF, SSF, and FSF), simplifying the identification and
classification of certain land cover LCZs via the decision tree. Since these
additional UCPs have yet to be formally agreed upon, comparability to
other LCZ maps is limited and there is a risk of introducing biases and
errors [29]. Consequently, their value ranges were set with regard to
other studies [19,29] and through visual crosschecking with aerial im-
ages. The effectiveness of the decision tree relies partly on these addi-
tional UCPs. For instance, LCZ G could be determined easily by
considering the WSF, while LCZ A could be classified based on the FSF
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alone. In these cases, only one UCP was necessary to delineate the
respective LCZ. Only using the UCPs defined by Stewart & Oke [30]
would have made the delineation much more challenging.

The hierarchy by which the UCPs are considered when identifying
misclassified pixels via the queries (Table 3) and reclassifying them via
the decision tree (see Figs. 3 and 4) also plays a role. In this aspect, the
presented approach is oriented toward similar studies [14,19]. Priori-
tizing the BSF allows us to reliably distinguish built type from land cover
LCZ classes, which solves one of the main issues of inaccuracy. Next in
the hierarchy, the data is sorted by degree of soil sealing and further
checked for WSF, FSF, and SVF to discriminate among LCZ G and
different vegetation cover classes. In the queries, built-up LCZ classes are
further categorized using the BH. As an alternative to a complex decision
tree, the KNN algorithm was chosen to classify unclassified built-up LCZ
pixels with minimal preprocessing. However, due to the limited inclu-
sion of only four UCPs in the training data, the classification lacks
important input data to reliably classify all built type LCZs. Proximity
between certain training data points and anomalies in UCPs can lead to
misclassifications. To address this, potential extensions of the workflow
include weighting specific UCPs for certain LCZs [7], implementing a
multi-step classification strategy based on criteria such as building
height and impervious surface fraction [19] or considering the sur-
rounding LCZs in the classification decision.

4.2. Accuracy of the classification

The revised LCZ map improves the representation of LCZs in Bern,
with an 9 % increase in overall accuracy to 53 %. This is consistent with
the accuracies of WUDAPT-generated LCZ maps [2], although applying
a slightly different evaluation approach. The increase is especially
valuable since the improvements mainly occurred in the LCZ classes that
were focused on, and thus, the most influential misclassifications were
tackled. Important small-scale structures like the river, forest patches,
green squares, sealed squares, and highways are added or represented
more accurately. Errors in building height recognition are corrected, and
non-built-up areas are neatly distinct from built-up areas. Notably, a
substantial portion (82 %) of the WUDAPT map is kept, meaning that
our workflow primarily serves to enhance details of the already high-
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quality WUDAPT workflow.

While the overall accuracy of 53 % may not appear particularly high,
it is essential to consider the strict criterion of conforming to all tested
UCP values for correctly classified pixels. This suggests that the pro-
portion of correctly classified pixels is likely higher, as our rule lacks
buffer, tolerance, or weighting. Other studies [7,19] similarly concluded
that UCP values of correctly classified LCZs do not fall within established
value ranges in a substantial number of cases. Furthermore, the severity
of misclassifications can be contextualized to some extent by considering
the morphological and microclimatic similarity of LCZ classes [2]. In
other words, if a misclassified LCZ differs only slightly from the correct
LCZ, the misclassification holds lesser significance. This is only tested for
the reclassifications. For morphological similarity, we found that
changes appear primarily in land cover type LCZs misclassified as built
type LCZs, so in morphologically different classes. Thermal difference is
tested according to temperature measurements in different LCZs in Bern.
We found that 15 % of the reclassifications happen in thermally signif-
icantly different classes. Again, this may not seem like particularly high
improvements. However, the reclassifications also reflect the selected
main patterns, and thus tackle the most severe misclassifications. a
combination of thermal and morphological similarity may be more
representative as an accuracy assessment and could be explored in
further research.

The size and form of mapping units influence the mapping accuracy
and can be broadly categorized into gridded and parcel-based [20]. As
LCZs are rarely square-shaped, a gridded map can face the challenge of
mixed pixels containing LCZ borders, which may contribute to the
unmatching UCP value ranges. To account for the various forms of LCZs,
it is therefore advisable to choose a pixel size that is smaller than the
average LCZ [20], in our case 78.8 x 78.8 m, even though this is far
below the 400 m minimum diameter recommended by Stewart & Oke
[30]. On the one hand, the high resolution captures the heterogeneous
small structures in Bern more accurately. Even small-scale structures can
be relevant for temperature variability; for example, small, vegetated
areas in Bern have a cooling effect of about 0.5 K [4]. On the other hand,
the high-resolution poses problems such as single pixel LCZs or the
splitting of open-built LCZs into checkerboard-like alternations of land
cover and built type LCZ (Fig. 5D). Quan & Bansal [29] refer to this
problem as “unnecessary heterogeneity”. It distracts from understanding
thermal interactions at an urban scale and does not sufficiently sum-
marize built structures.

4.3. Usability, generalizability, and further development

Our approach focuses on key factors that markedly influence Bern’s
urban climate, including built-up and sealed areas, water bodies, and
building height [4]. While these factors may vary slightly in other cities,
they likely apply to European cities of similar structures and urban
planning histories [35]. The workflow can be easily adapted or simpli-
fied based on a city’s needs by targeting specific weak points of the LCZ
map. For example, a revision could tackle only water surfaces using
WSEF, sealed surfaces using ISF or SSF, or focus on correcting specific LCZ
classes of compact building style (LCZ 1/2/3) or open building style
(LCZ 4/5/6) based on their BH.

Especially in small, heterogeneous European cities, the value ranges
may differ substantially from those defined by Stewart & Oke
[30,25,35]. Adjusting specific UCP value ranges according to the value
ranges of the training areas ensures that the city’s typical UCP value
ranges for each LCZ are respected. This avoids overly strict identification
of misclassifications. However, it may also introduce systematic biases
and limit comparability. Further research is needed on how and to what
magnitude the original framework can be adapted.

The impact of unnecessary heterogeneity on the map’s usefulness
cannot be generalized, as LCZ maps serve various purposes [1]. For
instance, UCPs derived from (usually WUDAPT generated) LCZ maps are
used as input to urban climate models [3,14,18,3,14,18,3,14,18], which
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have shown to be sensitive to high-resolution land use variations and
therefore benefit from a high level of detail in the LCZ maps [3].
Depending on the resolution of the model, the map however would need
to be aggregated. Most commonly, LCZ maps are used to assist urban
temperature studies [1]. In Bern specifically, the LCZ map is used in
urban climate studies related to the city’s low-cost measurement
network [17] to evaluate the model results of UHI intensities [23,39].
For these applications, a higher resolution map of 50 m was calculated
by resampling (see Appendix). It captures linear elements such as the
Aare River, roads, and railways more accurately but intensifies the
challenge of unnecessary heterogeneity. In urban planning, high-
resolution LCZ maps can be beneficial to identify small-scale cooling
or heating areas, but unnecessary heterogeneity could also render an
LCZ map more complex. This is dependent on the city’s size and the area
of the planned construction projects or heat mitigation strategies.

To counteract unnecessary heterogeneity, further research may
consider post-processing. A frequently used method to solve the problem
of single pixels is the simplest majority rule, which reclassifies an LCZ
pixel surrounded by a certain number of different LCZs [29]. For open-
built LCZ types (LCZs 4-6), clarification is needed regarding the size
threshold of green spaces that should no longer be considered part of the
open building pattern but mapped separately as land cover type LCZs,
and similarly, the size threshold for forest patches, water surfaces, or
sealed surfaces to be classified as separate LCZs. Furthermore, a typical
step in GIS-based classification methods is to fuse basic spatial units
(pixels or polygons) into larger areas [29,32]. This would allow to
summarize checker-board-like structures into single LCZs. Alternatively,
polygons could be chosen as basic spatial units instead of a pixel grid, as
they capture the LCZ boundaries better and avoid mixed pixels [32,36].
Urban block units [29] or administrative boundaries [35] could be used
for the delimitation. Quan & Bansal [29] generally point out that LCZ
mapping is an iterative process of summarization, whose discourse is
still too little distinguished from that of the classification of individual
sites.

5. Conclusion

This study aims at combining the RS-based mapping tool “LCZ
generator” with GIS-based LCZ mapping to address issues of inaccuracy
in LCZ maps of heterogeneously structured cities, specifically regarding
small-scale structures that are relevant for local climate. Our proposed
workflow includes an accuracy assessment of the RS-based LCZ map of
Bern, Switzerland, using urban canopy parameter (UCP) geodata and a
subsequent revision of the most dominant patterns of misclassifications.
The research is motivated by the need for higher detail and accuracy
levels in LCZ maps for urban climate studies and climate adaptation
planning. As our approach avoids using complex algorithms and is
mainly based on simple threshold checking, it is easily applicable and
requires no specialized coding. It is also customizable to other maps’
inaccuracy issues and introduces a method to adjust UCP value thresh-
olds to a city’s individual values.

The findings demonstrate that including UCP geodata improves the
LCZ map’s overall accuracy by 9 %, resulting in 53 % of pixels con-
forming to all tested UCP value ranges (SVF, BSF, ISF, HRE/WSF). The
corrections are rather conservative, with 18 % of all pixels corrected
while keeping 82 % of the already accurate WUDAPT map. The revised
LCZ map provides more precise information about built structures and
surface covers. It depicts small-scale structures that influence urban
temperature behavior, particularly water areas, sealed surfaces, sparsely
built areas, and transitions between built and non-built areas. Most
improvements were achieved in land cover type LCZs misclassified as
built type LCZs.

However, it is important to acknowledge some limitations. The
choice of resolution is a trade-off between capturing small-scale struc-
tures accurately and avoiding unnecessary heterogeneity. The optimal
resolution depends on the specific usage of the LCZ map. Moreover,
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adjusting UCP value ranges and introducing additional surface fraction
UCPs is not a standardized process, which may introduce biases and
limit comparability with other studies. The use of the KNN algorithm for
reclassifying built type LCZs is compromised through limited and un-
weighted input parameters, and exploring alternative methods, such as a
decision tree-based stepwise classification, could be beneficial. Further
research should address challenges related to pixel size and balancing
the consideration of heterogeneous, small-scale structures and sufficient
generalization. Additionally, investigating the justification and objec-
tivity of adjusting UCP thresholds according to city-specific values
would enhance the reliability and applicability of the classification. A
further revision of Bern’s current LCZ map could consider postprocess-
ing strategies such as the simplest majority rule and the summarization
of pixels.

The implications of this research are threefold: Firstly, it adds to the
ongoing research on the combination of RS- and GIS-based approaches
in LCZ mapping. This supports the goal of accurate worldwide data on
urban form and structure [30]. Secondly, it supports urban climate
research in Bern by providing more accurate data for simulations and
evaluations. The improved LCZ map can aid in better understanding and
predicting the urban heat island effect and its associated risks. Thirdly, it
facilitates the communication of urban climate knowledge and informed
decision-making for local urban planning, city administration, trans-
portation departments, energy providers, and other stakeholders
involved in climate change adaptation in cities.
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Fig. Al. A) Revised LCZ map in 50 m resolution, and B) all pixels that were changed in the revision process.

The station classification of the 80 stations of the urban climate measurement network in Bern [17] is also compared to the mapped LCZs before
and after the revision. Standard accuracy measures are calculated in an error matrix (Table A1 and Table A2). The WUDAPT map reaches an overall
accuracy (OA) of 42.3 % and a Kappa coefficient of 0.34. The OA of the revised map increased to 62.8 % with a Kappa coefficient of 0.58 (see Fig A1).
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Table A1

City and Environment Interactions 21 (2024) 100135

Confusion matrix showing the manually classified LCZs of the reference stations and the LCZs classified by the WUDAPT workflow.

Reference stations

LCZ 1 2 4 5 6 8 9 11 12 14 15 17 UserAcc. (%)

WUDAPT map 2 0 4 0 1 1 2 0 0 0 0 1 0 44.4
4 0 1 0 0 0 1 0 0 0 0 0 0 0.0
5 3 3 1 12 3 1 2 0 1 0 4 0 40.0
6 0 1 0 1 3 0 2 0 1 0 0 0 37.5
8 0 1 0 0 0 3 0 0 0 1 0 0 60.0
9 0 0 0 0 3 0 1 0 0 1 0 1 16.7
10 0 1 0 0 0 0 0 0 0 0 0 0 0.0
11 0 0 1 0 1 0 0 2 1 0 0 0 40.0
12 0 0 0 0 0 0 0 1 2 0 0 0 66.7
14 0 0 0 0 1 0 1 0 0 4 0 0 66.7
15 0 0 0 1 0 0 0 0 0 0 0 0 0.0
17 0 0 0 0 0 0 0 0 0 0 0 2 100.0

ProdAcc. (%) 0.0 36.4 0.0 80.0 25.0 42.9 16.7 66.7 40.0 66.7 0.0 66.7

OA(%) 42.3

Kappa 0.34

Table A2

Confusion matrix showing the manually classified LCZs of the reference stations and the LCZs classified by the revision workflow.

Reference stations

LCZ 1 2 4 5 6 8 9 11 12 14 15 17 UserAcc. (%)
Revised map 2 0 8 0 2 0 0 0 0 0 0 2 0 66.7
4 1 1 1 0 0 0 0 0 0 0 0 0 33.3
5 1 2 0 13 5 1 1 0 0 0 0 1 54.2
6 0 0 0 0 6 0 0 0 0 0 0 0 100
8 1 0 0 0 0 5 0 0 0 0 1 0 71.4
11 0 0 0 0 0 0 0 3 0 0 0 0 100
12 0 0 1 0 1 0 1 0 4 1 0 0 50
13 0 0 0 0 0 0 1 0 0 0 0 0 0
14 0 0 0 0 0 0 3 0 1 5 0 0 55.6
15 0 0 0 0 0 1 0 0 0 0 2 0 66.7
17 0 0 0 0 0 0 0 0 0 0 0 2 100
ProdAcc. (%) 0.0 72.7 50.0 86.7 50.0 71.4 0.0 100.0 80.0 83.3 40.0 66.7
OA(%) 62.8
Kappa 0.58
Mean night temperature
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Fig. A2. Boxplots showing distribution of mean nighttime temperatures during the summer 2023 (June-August) at the stations of the urban climate network [17].
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Fig. A3. UCP value ranges adapted based on the training area values of Bern’s respective LCZ classes. The adapted value ranges are shown for different adapta-

tion thresholds.
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Fig. A4. A) Overall Accuracy (OA) for different adaptation thresholds and B) changes in OA for different adaptation thresholds compared to a revision using the
standard UCP ranges by Stewart & Oke [30].

As explained in chapter 2.4, a sensitivity analysis was conducted to measure the influence of the degree of adaptation of the original UCP value
ranges by Stewart & Oke [30]. The mean, the standard deviation, as well as the minimum and maximum value of each UCP are calculated for the
training areas of each LCZ class. A confidence interval of +/- 2 standard deviations is defined and compared to the established value ranges, which are
adjusted if the confidence interval exceeds them. To avoid too severe adaptations, a maximum adaptation threshold should be defined. We conducted
a sensitivity analysis, adapting the UCP thresholds by 5 %, 10 %, 15 %, and 20 % (Fig. A3). We then did the same accuracy assessments as presented in
chapter 3.4. We found that the thresholds only marginally influence the overall accuracy, with an OA of 51 % for a threshold of 5 %, 53 % OA for 10 %,
54 % OA for 15 %, and 55 % for 20 % (Fig. A4A). Looking at the individual classes, especially the built type LCZs, as well as LCZ E and G are more
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accurate, the higher the threshold is set. But since these LCZs make up a small portion of the entire map (LCZ A and D together for example, make up
almost 60 % of all pixels and their accuracy is not influenced by the thresholds), it does not influence the OA much (Fig. A4A).

On the one hand, since a good portion of the UCP minimum and maximum values are not explicitly used in the revision, adapting them will have no
impact on the results. On the other hand, some of UCP values used in the revision are set manually or blocked from adaptation, like explained in
chapter 2.4. Therefore, they are not affected by the threshold for the adjustment. This can be seen, for example, in the minimum ISF of LCZ E, which is
set to 70 % or on the HRE ranges of LCZs 1-6 which are blocked from adaptation, since they are such defining parameters.

Since there is not much research yet about adapting UCPs for individual cities, we refrain from adapting the UCPs too much and decided to use the
threshold of 10 % because it seems to be a good compromise between the original framework and a more intense adaptation and ensures that the UCP
ranges do not overlap too much.
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