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Abstract: Over the last decade, Kunming has been subject to a strong urbanisation driven by rapid
economic growth and socio-economic, topographical and proximity factors. As this urbanisation is
expected to continue in the future, it is important to understand its environmental impacts and the
role that spatial planning strategies and urbanisation regulations can play herein. This is addressed
by (1) quantifying the cities’ expansion and intra-urban restructuring using Local Climate Zones
(LCZs) for three periods in time (2005, 2011 and 2017) based on the World Urban Database and
Access Portal Tool (WUDAPT) protocol, and (2) cross-referencing observed land-use and land-cover
changes with existing planning regulations. The results of the surveys on urban development show
that, between 2005 and 2011, the city showed spatial expansion, whereas between 2011 and 2017,
densification mainly occurred within the existing urban extent. Between 2005 and 2017, the fraction
of open LCZs increased, with the largest increase taking place between 2011 and 2017. The largest
decrease was seen for low the plants (LCZ D) and agricultural greenhouse (LCZ H) categories.
As the potential of LCZs as, for example, a heat stress assessment tool has been shown elsewhere,
understanding the relation between policy strategies and LCZ changes is important to take rational
urban planning strategies toward sustainable city development.

Keywords: urbanisation; Local Climate Zones; land-use/land-cover changes; Kunming; urban planning;
policy; WUDAPT

1. Introduction

In this study, urbanisation in Kunming is investigated. Urbanisation is one of the main driving
forces for global environmental changes and socio-economic development and it is happening very
fast and on a large scale, especially in China [1–3]. Urbanisation in China is primarily driven by the
economic growth caused by the market reforms of 1978, through which the Chinese economy switched
from being centrally-planned to being market-based [4–6]. Besides the economic growth, migration
also affects urbanisation, as more than 150 million Chinese farmers are expected to move to cities
between 2010 and 2020 [7]. To accommodate all the migrants and the natural population growth in
cities, urban areas need to expand [5]. For example, in Kunming, there has been a strong urbanisation
in the past ten years [8] and it is expected to further increase in the future [9]. In addition to the general
drivers of urbanisation in China [10], Kunming’s urbanisation is also driven by local planning policies
and topographic and proximity factors. Economic and demographic factors mainly influence the urban
expansion rate, while natural and policy factors mainly affect the spatial form [9].
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Planning policies are an important driver for Kunming’s urban expansion [11]. In 1996, the State
Council approved the “Kunming urban planning 1996–2010” strategy, outlining major development
strategies for the Kunming area, whereby the old city was taken as the core to expand in the northeast,
southwest and southeast, resulting in a “Star” pattern. It also included the plan for the development of
four sub-cities that are located in the four cardinal directions of the old city [9]. Meanwhile, the State
Council approved the Kunming high-tech industrial development zone, northwest of the old city,
promoting urban expansion in that direction. Because of this zone, the adjacent city Anning expanded,
which led to more urban expansion to the west [11]. Between 1999 and 2010, urbanisation was further
sped up by two factors. First, the World Horticultural Expo in 1999 improved mobility (road and air
access) and urban green (trees) infrastructure. As a result, the planning and construction of main road
networks were completed 10 years earlier than expected, improving the reputation of Kunming [12].
It also stimulated foreign investment, leading to modifications of the industrial structure and the
rapid development of the tourism-centred tertiary industry. Kunming is now a preferred tourism
site in China and a migration destination [12]. The second important factor is the new planning
framework that was approved in 2003, outlining the urbanisation strategy for the period 2008–2030 [9].
This framework had an important influence on urbanisation, and has led to an increase in built-up
areas in the southeast, northwest and northeast of the old city [13]. In addition, the new framework
promotes the agglomeration of Kunming with neighbouring cities [14]. Besides the political factors,
topographic factors are also important drivers of urbanisation. For example, the agreement of the
Kunming-Yuxi integration in 2011 was greatly affected by the topography of the landscape and the
morphology of Dianchi Lake [11].

Urbanisation has a major impact on the environmental, social and cultural aspects of society.
Industrialisation is responsible for high pollutant emissions, causing environmental degradation and
health problems. The conversion from natural to urban land use/cover induces a change in the
radiative, thermal, and spectral properties of the land surface, which, in turn, lead to a different
local thermal environment [15]. Changes in the local thermal environment are driven by increased
anthropogenic heat releases and impervious fractions, surface geometry, the thermal properties of
building materials and air pollution [16,17]. As a result, the city turns into an Urban Heat Island (UHI)
where air temperatures can be significantly higher compared to the temperatures in the surrounding
rural areas. The increase in temperature of the local climate can cause heat stress in specific locations
at certain points in time [18,19]. According to a study by Li et al. (2016, [20]), Beijing might experience
14,401 heat-related deaths per year for elderly individuals by 2080, which is an increase of 264.9%
compared to the number of casualties in the 1980s. In order to minimise and prevent economical and
public health problems due to the more unpredictable and extreme weather events in the future, it is
key to have a good understanding of the historical urban development and its corresponding land
use/cover changes (LULCC; [21]) and environmental impacts [22]. A study by Xu et al. (2019, [23])
also confirms that it is most urgent that urban managers take full account of climate adaptation in
future land use planning and implementation, in order to enhance climate resilience. Combining this
knowledge with climate-sensitive urban design strategies [15,24,25] can ultimately support local urban
planners and government officials to make science- and data-driven future planning decisions [26].
Such knowledge sharing and integration into local-scale processes requires an urban descriptor that is
easy to understand, which captures the heterogeneous forms and functions of a city and that is suited
for environmental studies and global climate solutions [27]. This is addressed by the World Urban
Database and Access Portal Tool (WUDAPT) project, an international community-driven program
that, amongst others, aims at providing coherent and consistent descriptions and information on the
form and function of urban morphology relevant to climate, weather and environment studies on
a worldwide basis [28]. The lowest level of detail herein is provided by Local Climate Zones (LCZ),
a classification scheme suggested by Stewart and Oke (2012, [29]) that provides information on the
form and function of cities. Since Middel et al. (2014, [30]) stressed the importance of incorporating
urban climate knowledge with urban planning and because Wang et al. (2019, [31]) demonstrated
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that LCZs can inspire scientific and rational urban planning strategies in terms of the sustainable
development of cities, this study adopted the WUDAPT level 0 procedure [32–34] as a tool to provide
an in-depth understanding of the historical spatiotemporal LCZ dynamics in Kunming.

In order to progress scientific research on the functionality of sustainable cities, much effort
currently goes towards large-scale LCZ mapping. Qui et al. (2018) [35,36] particularly focused on
data/feature choice including optical data such as Landsat-8 and Sentinel-2, as well as additional
datasets such as the Global Urban Footprint (GUF), the OpenStreetMap (OSM) layers buildings and
land use, and the Visible Infrared Imager Radiometer Suite (VIIRS)-based Nighttime Light (NTL).
Hu et al. (2018) [37,38], on the other hand, explored the potential of Sentinel-1 polarimetric SAR data
for LCZ classification. Despite the rapid advancements in spatio-temporal LCZ mapping, to date,
the large number of LCZ maps created for cities and regions around the world (see, e.g., references
in [28,33,35,39–41]) are typically static in time. Except for the work done by Wang et al. (2019, [31]) on
the Pearl River Delta region (China), to the author’s best knowledge, no other studies have come up
with multi-temporal LCZ maps that allow the quantification of the transformation of natural and urban
landscapes through time. In addition, this study cross-references the observed land-cover and land-use
changes with historic and present-day planning policies. Considering the rapidly growing number
of applications using the LCZ scheme [28] and the need for data-based approaches to upscale urban
climate solutions [27] and integrated urban weather, environment and climate services [42], this effort is
undertaken to demonstrate that the LCZ framework might push the mission of WUDAPT well beyond
the provision of “urban canopy information and modelling infrastructure to facilitate urban-focused
climate, weather, air-quality and energy-use modelling application studies” [28]. It provides a powerful
means to transfer and translate scientific urban climate information to city practitioners, allowing them
to form rational urban planning strategies toward the sustainable development of cities [43,44].

2. Materials and Methods

2.1. Study Area

Kunming is the capital and largest city of Yunnan Province and is located in southwest China
(Figure 1). It is located on a plateau with an elevation from 1500 to 2800 m and is surrounded by
mountain scenery in the north, east, and west. The metropolitan area of Kunming is found in the
Dianchi basin. The city has a subtropical monsoon climate, with humid and warmer summers and dry
and colder winters. Kunming has a mean annual precipitation between 788 and 1000 mm, and rain
mostly falls in May to October. Because of various landscapes, the amount of rainfall is dependent
on location. In general, mountainous regions have more rainfall than flat regions. Annual average
air temperature is between 15.4 and 24.2 ◦C, with a minimum of −3 ◦C and a maximum of 32.2 ◦C.
The climate is one of the mildest of China due to its surrounding orography [11]. The landscape
causes a more or less all year round spring climate, which is why the city is also called the “City of
Eternal Spring.”
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Figure 1. Larger Kunming area, with the Local Climate Zone (LCZ) region of interest in red. A, B,
and C are respectively the centre, airport, and high-tech industrial development zone, respectively.
Figure produced with [45].

2.2. Background on LCZ Mapping

The necessity to acquire information about the urban landscape is recognised by the
Intergovernmental Panel on Climate Change (IPCC) assessment reports on both adaptation and
mitigation [46]. However, at present, most of the available global urban data consist only of the urban
mask, which just shows the boundaries that separate the urban from the “natural” landscape (see,
e.g., Reference [40]). That is why, in 2015, WUDAPT was conceived to gather and spread data on the
physical geographies of cities globally by using the Local Climate Zone scheme in order to overcome
the lack of useful information about the form and function of cities [28,32]. LCZs (Figure 2) characterise
areas with uniform surface coverage, material, structure, and human activity that cover hundreds
of metres to several kilometres on a horizontal scale [29]. The zones are determined by physical and
functional information of the area, including urban structures, urban coverage, urban fabric and urban
metabolism. Each zone features a typical screen-height temperature that is most clearly seen on dry
surfaces, on quiet, clear nights and on simple relief [29]. It was found by Geletič et al. (2016) [47])
and Cai et al. (2017) [43] that higher Land Surface Temperatures (LST) are found in areas with heavy
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industry (LCZ 10), large low-rises (LCZ 8), compact mid-rises (LCZ 2) and compact low-rises (LCZ 3)
due to factors like building material, thermal activities, absence of green elements, and the sky-view
factor [48].

Figure 2. Abridged definitions for local climate zones [29]. ©American Meteorological Society.
Used with permission.

To this end, Bechtel et al. (2015, [32]) introduced a semi-automated procedure to map cities into
LCZs using multi-temporal, -spectral, and thermal remote sensing data and modern machine learning
methods using free data and software. This procedure is followed here as well, extended by the
contextual classifier information developed by Verdonck et al. (2017; [34]). Each of the different steps
in the LCZ mapping procedure is described in more detail below.

To date, the WUDAPT Level 0 LCZ mapping community effort is evolving rapidly as
demonstrated by a large number of developments such as a more stringent accuracy assessment
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procedure [41], the introduction of novel remote sensing information and learning/classification
techniques [49,50], in-depth comparisons with local administrative datasets [44], applications in
health-risk studies [51], comparisons with land-surface temperature dynamics [31,33,52], and the
upscaling of city-wide maps to whole continents such as Europe [40]. This work contributes to these
advances by providing a dynamic map for Kunming for different periods in time (2005, 2011 and 2017)
and by interpreting the land-cover changes in terms of policy and planning regulations.

2.3. Landsat Images

To study urban development in Kunming via LCZs, Level 1 Tier 1 Landsat images with a cloud
cover of less than 10% on their original 30 m resolution were downloaded from the United States
Geological Survey (USGS) for the different years. Within each specific year, images were chosen
from different seasons and thus with different climatic characteristics. For the imagery of Landsat
8, only the bands 1 to 7, 10, and 11 were used and for the Landsat 7 images, only the bands 1 to 7.
Specific information is shown in Table 1.

Table 1. Landsat images information for the LCZ mapping.

Mapping Period Landsat Entity ID Date

2005 LE07_L1TP_129043_20050406_20170116_01_T1 6 April 2005
LE07_L1TP_129043_20050201_20170116_01_T1 1 February 2005
LE07_L1TP_129043_20060103_20170111_01_T1 3 January 2006

2011 LE07_L1TP_129043_20110306_20161209_01_T1 6 March 2011
LE07_L1TP_129043_20120120_20161203_01_T1 20 January 2012
LE07_L1TP_129043_20111117_20161205_01_T1 17 November 2011

2017 LC08_L1TP_129043_20170109_20170311_01_T1 1 September 2017
LC08_L1TP_129043_20170314_20170328_01_T1 14 March 2017
LC08_L1TP_129043_20170501_20170515_01_T1 1 May 2017
LC08_L1TP_129043_20170109_20170311_01_T1 9 January 2017

Pre-processing of Landsat raster data, following Bechtel et al. (2015; [32]), was performed in
SAGA GIS [53] and included the cropping of images to the region of interest (ROI) and the resampling
of the image data to a common-sized grid. After pre-processing, the Landsat data were ready to be
used in WUDAPT’s LCZ classification algorithm [41]. Due to the failure of the Scan Line Corrector
from the Landsat 7 Enhanced Thematic Mapper (ETM) sensor, these satellite images needed additional
correction using the linear transform method available in the ENVI software. This technique fills the
gaps in one scene with data from another Landsat scene based on the standard deviation and mean
values of each band [54].

2.4. ROI and Training Areas

According to the method developed by Bechtel et al. (2015) [32], the first step in the LCZ
classification is to select the region of interest (ROI, Figure 1) in Google Earth. Within this ROI, multiple
training areas and validation polygons were selected for the different LCZs in the different periods
(Table 2). At least 10 training areas per LCZ were selected, whereas the number of validation polygons
was about the half of the number of training areas. When it was not possible to find at least 10
representative training areas for a certain LCZ, that LCZ was not included in the classification in order
to maximise the quality of the LCZ map.
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Table 2. Number of training and validation polygons of each zone, for 2005, 2011, and 2017.

Training Polygons Validation Polygons

2005 2011 2017 2005 2011 2017

LCZ 1 Compact high-rise 0 0 10 0 0 4
LCZ 2 Compact mid-rise 24 25 27 11 11 13
LCZ 3 Compact low-rise 15 12 16 5 7 8
LCZ 4 Open high-rise 0 11 28 0 4 12
LCZ 5 Open mid-rise 13 15 18 7 6 6
LCZ 6 Open low-rise 12 13 19 5 5 8
LCZ 8 Large low-rise 22 13 19 10 6 8
LCZ 10 Heavy industry 0 11 11 0 5 5
LCZ A Dense trees 23 16 16 11 8 8
LCZ B Scattered trees 15 17 18 7 7 7
LCZ C Bush, scrub 19 24 20 8 10 9
LCZ D Low plants 25 22 20 12 11 11
LCZ G Water 14 15 15 7 7 7
LCZ H Agricultural greenhouse 22 22 21 11 11 11

Since large areas of Kunming’s agricultural land are characterised by rose plantations covered
by plastic foils, an extra LCZ (LCZ H) was added because of the uncertainty of the spectral response
of this foil. This LCZ class is called "agriculture-greenhouse." Examples of the different LCZs are
presented in Figure 3.

Figure 3. Examples of the different LCZs in Kunming.

To select training areas for 2017, initial training areas were chosen based on both top-view and
street-view Baidu Maps, and were verified on-site. Baidu Maps is a mapping service application that
offers satellite imagery, street-map, street-view, and indoor-view perspectives of the entire world.
Training areas for 2005 and 2011 were collected by only using the timeline of Google Earth Pro and
Baidu Maps. To do so, the 2017 training areas were reviewed and used, changed, or omitted, and new
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training areas for both 2005 and 2011 were added. These initial training areas are used for making
the initial LCZ map, which is subsequently compared with the corresponding Google Earth imagery.
Based on observed inconsistencies, the initial training areas were adjusted or additional ones were
added, leading to a different number of training areas for the different LCZs. Thereafter, a new LCZ
map was created using the revised training set. This iterative process was performed multiple times in
order to achieve a high-quality LCZ map.

In the sampling for 2017, almost no lightweight low-rise (LCZ 7), sparsely built (LCZ 9), bare rock
or paved (LCZ E) and bare soil and sand (LCZ F) areas are found with an acceptable size. These LCZs
were left out of the training set. For 2005 and 2011, some extra LCZs are left out due to too few
representative areas. For 2005, compact high-rise (LCZ 1), open high-rise (LCZ 4) and heavy industry
(LCZ 10) areas were not included in the training set. For 2011, compact high-rise (LCZ 1) areas were
not present. Note that, for 2005 and 2011, training areas could not be verified on-site or with street
view, potentially introducing a source of uncertainty. To minimise this uncertainty, areas that did not
undergo changes were preferred.

2.5. Classification Procedure and Its Adaptations

The default LCZ classification workflow consists out of the following steps [32]: (1) selection
of Landsat images and resampling them from 30 m to 100 m spatial resolution, (2) performing a
random-forest classification in SAGA and (3) accuracy assessment of the resulting LCZ maps (Figure 4,
Workflow A).

Figure 4. Overview of LCZ classification. Workflow A is default World Urban Database and
Access Portal Tool (WUDAPT) protocol, while Workflow B is the modified workflow that uses a
moving window to include neighbourhood information. Redesigned after Figure 3 in Reference [34].
Section numbers indicated in the boxes provide full overview of what is done in each step. Note that
this procedure was repeated for years 2005, 2011, and 2017.

Since this procedure was found to be suboptimal for cities characterised by small heterogeneous
areas [34], Workflow B was applied here (Figure 4). Workflow B extends Workflow A in the
following ways:

1. A first adaptation is applied on the first condition of the WUDAPT protocol, where training
areas should be homogeneous polygons with a minimum surface area of 1 km2, because smaller
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surface areas would not be large enough to establish a local climate zone [32]. Since Kunming
is characterised by heterogeneous areas, training areas of at least 1 km2 were difficult to find,
so many smaller, homogeneous areas were selected.

2. The second adaption takes neighbourhood information into account. This is not included in the
original WUDAPT method causing loss of spectral variability due to the resampling of Landsat
images to a 100 m resolution. Because of this, a contextual classifier was used that uses information
from neighbouring 30 m pixels through a moving window [34]. This is a way to include horizontal
heterogeneity. Multiple moving windows with different kernel sizes were used in order to select
the most appropriate moving window per year (5 × 5, 7 × 7, 9 × 9 and 11 × 11 pixels, as was
done in Verdonck et al. (2017) [34]).

3. A third adaptation concerns the accuracy assessment. For each kernel size, 10 random forest
classifications were performed. These runs are evaluated by assessing the map accuracies on the
pixels of an independent validation polygon set, using an error matrix. Independent validation
polygons are selected on randomly selected pixels from training areas, in order to avoid a positive
bias of neighbouring training and validation samples [34]. The error matrix computes the overall
accuracy (OA) and provides an estimation of the accuracy of the classification result. The OA is
the division of the correctly allocated validation pixels by the total amount of validation pixels.
In addition, F1-scores are computed, which are the weighted averages of the user (UA) and
producer accuracies (PA). The UA gives an idea about how often the LCZ on the map is actually
the LCZ in real life, while the PA is the probability that a certain LCZ in real life is correctly
classified. The class-wise F1-score for class i is calculated as F1i = 2 × UAi × PAi/(UAi + PAi)

following [34,55–57]. In order to assess the robustness of the different classification methods,
standard deviations (SD) on the OA and F1 are provided as well (see Table A1).

3. Results

3.1. LCZ Maps: General Description and Accuracy

The final LCZ maps of 2005, 2011 and 2017 are shown in Figure 5. For the LCZ map of 2005,
the highest OA with the lowest standard deviation (SD) was achieved using a kernel size of 9 × 9,
while for the maps of 2011 and 2017 this was achieved using a kernel size of 5 × 5 and 7 × 7, respectively.
Overall accuracies for the maps with the optimal kernel sizes were 97.7 ± 0.1, 96.7 ± 0.1 and 95.9 ± 0.1%
for 2005, 2011, and 2017 respectively (see Table A1). The class-wise F1 accuracy results (for all years)
reveals what is typically found in LCZ mapping experiments. Natural classes perform very well, with
the F1 ranging from 60.4% (LCZ B—scattered trees in 2011) to 100% (LCZ G—water in 2011/2011).
Quality of the urban classes was slightly more variable, with the highest confusion found for LCZ 3
(Compact low-rise), LCZ 5 (Open mid-rise) and LCZ 6 (Open low-rise). See Table A1 for more details
on all accuracies. This is in line with previous results such as from “The Human Influence Experiment”
(HUMINEX) [56,57] and is a limitation of the input feature space that is currently not able to detect
height variations (see, e.g., discussion on page 12 of Reference [39]).
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Figure 5. LCZ maps for: (a) 2005 with kernel size 9 × 9, (b) 2011 with kernel size 5 × 5, and (c) 2017 with kernel size 7 × 7. Note that LCZ classes 7, 9, E, and F are not
present in the maps.
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In Table 3, the area of every LCZ is shown for the different years. In addition, the total surface area
(km2) for all combined urban areas is provided. This indicates a strong urbanisation trend between
2005 and 2017, with an increase from 444.2 km2 to 1245.5 km2 in 2017. Note that the urbanisation rate
decreased between 2011 and 2017 (1.4×) compared to the rate between 2005 and 2011 (1.9×). For all
the different years, the centre of Kunming was mostly covered with compact mid-rise (LCZ 2) areas,
while the southwest of the Dianchi lake had the most agricultural land (LCZ D and LCZ H), and the
mountainous areas were largely covered with dense trees (LCZ A), scattered trees (LCZ B), and bush
and scrubs (LCZ C). Small villages of compact mid-and low-rise areas (LCZs 2 and 3 respectively) are
located between zones of low plants or agricultural greenhouses.

Table 3. Total surface area (km2) of each LCZ for the different years.

2005 (km2) 2011 (km2) 2017 (km2)

Urban LCZ LCZ 1 - - 13.6
LCZ 2 197.5 256.6 150.6
LCZ 3 50.6 34.9 30.8
LCZ 4 - 82.6 264.7
LCZ 5 60.5 73.5 105.3
LCZ 6 63.7 131.4 215.1
LCZ 8 71.8 221.2 444.5
LCZ 10 - 46.2 20.9

Total urban area 444.2 846.41 1245.5

Natural LCZ LCZ A 1402.4 1248.0 1260.5
LCZ B 608.2 582.3 628.6
LCZ C 590.4 779.1 696.6
LCZ D 736.1 402.6 295.4
LCZ G 467.3 471.0 475.4
LCZ H 155.3 119.2 136.2

3.2. LCZ Changes between 2005 and 2017

Urban growth between 2005 and 2011 (Figure 5a,b, respectively) is seen in the northern, eastern,
and southern directions from the city centre where natural LCZs were replaced by urban LCZs.
Comparing 2011 (Figure 5b and Table 3) with 2005 reveals that the presence of open high-rise and open
mid-rise (LCZ 5) areas is more pronounced in the outskirts of the city, and large low-rise (LCZ 8) areas
are more abundant south of the city centre. Due to the construction of the airport in the northeastern
part of Kunming, open mid-rise and large low-rise areas are present in this region and in toward
it. On the eastern shores of Dianchi Lake, a mixture of compact mid-rise, open mid-rise, and large
low-rise areas was found. Agricultural areas are less dominant compared to 2005. Heavy industry
has increased a little, and is visible northwest of Dianchi lake and in the northern direction of the
city centre.

Between 2011 and 2017 (Figure 5b,c, respectively), most LULCC consist of the conversion of urban
LCZs to other urban LCZs. In addition, the urbanisation to the south is more pronounced. In 2017
(Figure 5c, Table 3), the presence of open high-rise areas has increased, and the presence of compact
mid-rise areas has decreased in the outskirts of the city. Areas south of Kunming are getting more
urbanised by open high-rise and open mid-rise areas. The areas east of the Dianchi lake presented an
increase in open mid-rise areas, while the amount of compact mid-rise areas decreased.

Figure 6a,b expresses the area of each LCZ relative to the total area (all LCZs) and the total urban
area (LCZs 1-10), respectively. The biggest LULCC is the conversion of low plants (LCZ D) to urban
zones, whereas LCZ D decreased from 16.7% of the total area in 2005 to 9.1% in 2011 and to 6.2% in
2017 (Figure 6a). Other important changes are the increasing open high-rise (LCZ 4), open low-rise
(LCZ 6), and large low-rise (LCZ 8) areas. Open high-rise areas increased from 16.7% of the urban area
in 2011 to 21.1% in 2017, and large low-rise areas went from 16.2% of the urban area in 2005 to 26.1% in
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2011 and to 35.7% in 2017 (Figure 6b). Furthermore, the presence of compact high-rise (LCZ 1) areas
has become noticeable but is still fairly low (1.1% of the urban area; Figure 6b).
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Figure 6. LCZ histograms for all years presenting the corresponding surface area (A) of each LCZ
(ALCZ,i) as the percentage of (a) the total surface area (ALCZ,all) and (b) the total urban area (LCZ,urban).

Besides the strong decrease of areas with low plants (LCZ D), other decreases are notable for
compact low-rise (LCZ 3) and dense-tree (LCZ A) areas. Of the total urban area, compact low-rise
(LCZ 3) areas decreased from 11.4% in 2005 to 4.1% in 2011, and to 2.5% in 2017 (Figure 6b), and
dense-tree (LCZ A) areas decreased from 31.8% of the total area in 2005 to 28.1% in 2011, and to 26.6%
in 2017 (Figure 6a). Open mid-rise (LCZ 6) areas increased in total surface area over the 2005–2017
period (Figure 6a), but decreased in percentage relative to the total urban area (Figure 6b), which
means that the total area of the LCZ did have a smaller increase compared to the increase of the total
urban area. Compact mid-rise (LCZ 2) areas were characterised by a strong decrease relative to the
total urban area (from 44.5% in 2005 to 30.3% in 2011, and to 12.1% in 2017; Figure 6b). In contrast,
this zone showed an increase relative to the total area between 2005 and 2011 (4.6% to 5.8%; Figure 6a)
and a decrease between 2011 and 2017 (5.8% to 3.2%; Figure 6a). To compare Figure 6a,b, the increase
in total urban area should be taken into account since it increases over time. For LCZ 2, this means
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that, between 2005 and 2011, the total area of LCZ 2 increased, but not to the same extent as the urban
area, which could be confirmed by looking at Table 3. Between 2011 and 2017, the total area of LCZ 2
decreased, while total urban area further increased, resulting in a decrease in percentage of LCZ 2,
both compared to the total area and total urban area.

4. Discussion

4.1. Period between 2005 and 2011

Between 2005 and 2011, urban growth with regard to the centre of Kunming was established in the
northwestern, eastern, and southern parts, which were led by urbanisation policies and socioeconomic,
topographic, and proximity factors [11]. The biggest LULCC in this period relates to the conversion of
agricultural land to urban LCZs. This can be explained by rural-to-urban migration, where Chinese
farmers move to the city that, in effect, causes agricultural land to decrease. Since accommodation
is needed for these migrants, urban areas increase at the expense of rural areas, in line with the
findings of Gong et al. (2012) [7] for other parts of China. Urbanisation in the northwestern part could
have been the result of the World Expo in 1999, which stimulated the progress of suburbanisation of
residential housing [58], a high-tech industrial development zone, and the agglomeration of Anning
with Kunming. In 2005, the west of Dianchi lake (Anning) was mostly covered with agricultural land
(LCZ D and LCZ H), and compact mid-rise (LCZ 2) and compact low-rise (LCZ 3) areas. By 2011,
agglomeration with Kunming was visible and most of the farmland had been converted into urban
LCZs. In the northeastern part of the city, the settlement of Changshui Airport in 2012 led to the
conversion of agricultural land to urban areas. Before the settlement of the airport, the region in the
southeastern part of the city centre was mostly covered with rural villages (LCZ 2 and LCZ 3) and
agricultural land (low plants; LCZ D). In 2011, the airport was under construction and classified as a
large low-rise (LCZ 8) area, and the direction to the airport was densified with mostly large low-rise
(LCZ 8) and open mid-rise (LCZ 5) areas. These zones represent warehouses, a nearby wood factory,
and (touristic) residences.

4.2. Period between 2011 and 2017

Between 2011 and 2017, there was both expansion and densification (Figure 5b,c). The expansion
was generally noticeable in the east and south of Kunming, and was a result of both agglomeration
and the settlement of the airport. The expansion causes areas with agricultural land (LCZ D and
LCZ H), and compact low-rise (LCZ 3) and compact mid-rise (LCZ 2) areas to decrease because
of the conversion of rural villages to high- and mid-rise apartment buildings (LCZs 1, 4, and 5) or
suburbs (LCZ 6). New compact low-rise (LCZ 3) areas are rare since these zones cannot provide
plentiful residences compared to taller buildings of high- and mid-rise LCZ classes. Aside from
the expansion, there was densification in already existing urban areas, for example, in the western
region where open high-rise (LCZ 4) and open mid-rise (LCZ 5) areas were replaced with, or were
added to, the already existing compact mid-rise (LCZ 2) areas. This densification is the result of
the new model of urbanisation in China. Through densification and more compact neighbourhoods,
the “compact-city” approach of the urbanisation model wants to counteract the negative effects of
urban sprawl, such as ineffective land use and environmental problems [59]. It also conserves farmland,
which is becoming more important in China, since the current available amount of farmland is close
to the “red line” of 120 million hectares, which is considered to be the minimum area necessary
to ensure food security [60]. Decreased reduction of agricultural land was noticeable in Kunming
(Figure 6a and Table 3). Densification of urban areas also enhances economic efficiency, and reduces
carbon emissions and infrastructural costs [60–62].

Urbanisation in the eastern part of Kunming is mostly the result of the establishment of the new
airport, Changshui, which officially opened in 2012. Changshui Airport is the fourth largest airport
in China and it connects Kunming to primary cities in Asia [58]. Because of this, the airport has
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significantly promoted urbanisation and tourism in Yunnan Province [63]. Urbanisation to the south
can mostly be explained by the Kunming-Yuxi integration in 2011, which was affected by topographic
factors, such as Dianchi lake and the mountains. The biggest LULCC in the south was the conversion of
agricultural land into urban LCZs. Open high-rise (LCZ 4), open mid-rise (LCZ 5), and large low-rise
(LCZ 8) areas have especially been built there. The establishment of LCZs 4 and 5 to the south of the
centre was probably due to the combination of the Kunming-Yuxi integration [11], the new planning
framework [58] and the need for more compact and green residences. The increase of large low-rise
(LCZ 8) areas to the south of the centre could be the result of new businesses driven by industrialisation
and economic growth.

Especially for 2017, open high-rise (LCZ 4) areas were more commonly seen in the centre. This can
be due to a combination of expansion, densification and creating a greener environment. Expansion and
densification are necessary because of increasing population and less available land. Because of this,
apartment buildings with more floors are desired. The choice for LCZs with a larger pervious fraction
and thus more green is the result of more awareness of the need for a better living environment [64],
especially in terms of air quality. Urban green infrastructure is, in that respect, known for its multiple
advantages (e.g., References [65,66]). It provides ecosystem services that improve the quality of the
environment and human life, support the conservation of energy, remove air pollutants, sequestrate
CO2, and reduce stormwater runoff. It also provides aesthetic benefits, cognitive development,
and social and psychological benefits, while at the same time potentially increasing real-estate values by
increasing attractiveness and recreational opportunities [65–69]. Despite the attempt to add more open
LCZs to the city centre, it should be noticed that most of the city centre is covered by compact mid-rise
areas. Adding and replacing compact zones by open LCZs is necessary to reach climate-sensitive
urban design. Nevertheless, it is important to pay attention to existing buildings as well. For existing
urban forms, the best way to manage urban-climate effects on all scales is to increase vegetative
cover and add natural landscape features into the current urban design [15]. Other measures include
green facades [65,70], building materials with higher albedo, reducing anthropogenic heat release,
and integrating more previous surfaces [71,72].

4.3. Implications of Land-Cover Changes

As a result of land-cover changes, urban expansion, and densification, changes in the thermal
climate of the city are inevitable. Urbanisation is, in general, responsible for higher surface
temperatures due to a larger degree of impervious surfaces, increasing anthropogenic heat and
built-up areas [33,43,47,73]. Areas with higher LSTs have the possibility to increase Surface UHI
(SUHI) intensity, while areas with lower LSTs can lower SUHI intensities [74]. Moreover, Bechtel et al.
(2019) [33] have shown that LCZs provide a promising framework for consistent and comprehensive
SUHI analysis, providing substantial SUHI variability between LCZ classes. On top of that, numerous
studies have shown the relevance of LCZ types to Canopy UHI (CUHI), as well as their potential as
a heat-risk assessment tool [75–79]. Dynamic LCZ maps, as such, provide a first proxy of relating
planning policies to the thermal characteristics of neighbourhoods, thereby contributing to the creation
of sustainable cities. In Kunming’s current planning strategies, attempts are being made to limit the
increase of (S)UHI and to achieve more sustainable urbanisation by focusing on more open building
zones and more greenery in the city (e.g., 37 new green parks in Kunming [80]). In addition, promoting
electric cars, green roofs [81] and decreasing polluting industries [82] are on the rise in China. However,
given expected future population increases and projected climate change, it remains a challenge for
Kunming to reach its current environmental goals [80,83–85].

5. Conclusions

Kunming was characterised by rapid urban expansion and changes in urban form between 2005
and 2017. In the period between 2005 and 2011, there was mostly a conversion of agricultural land into
urban LCZs in order to expand the city for residences or industrial zones. Starting from 2011 onward,
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expansion rate decreased and the focus changed to densifying urban areas, where smaller plots with
mixed land uses were built over larger homogeneous areas with only one land use or one built-up
type. In addition, a conversion of low and compact building zones to higher and more open building
zones was noticeable. This approach strives for a more compact and greener city, an observation that
is supported by the increasing open high-rise (LCZ 4) and open mid-rise (LCZ 5) areas. Next to more
compact and green residences, large low-rise (LCZ 8) areas increased due to increased industrialisation
in the city.

These spatiotemporal LCZ dynamics are a result of the implementation of an urban planning
policy that aims to achieve a more sustainable urban living environment. New building areas consist
of more open zones with higher buildings and new parks are being implemented in the city, but the
centre of the city still needs attention. Compact zones, buildings with mixed heights, narrow streets,
and non-permeable surfaces still dominate the city centre, which prevents those areas from achieving
good air, solar, runoff, temperature, and wind-control quality.

This study clearly demonstrates that the LCZ framework can be used to (1) characterise
spatiotemporal land-use and land-cover dynamics, (2) assess those in relation to past and present
urban-planning strategies and policies, and (3) provide a simple framework to monitor those changes
and transfer/translate them to city practitioners, allowing them to form rational urban-planning
strategies toward the sustainable development of cities. When this information is overlain with
numerous LCZ applications on, for example, the thermal environment, it provides a powerful tool for
urban practitioners to design more liveable cities in the future. The urgency for such tools is becoming
increasingly clear, as both urban contributions to climate mitigation and adaptation, as well as the
impact of climate change on urban residents [86], become more significant.
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Appendix A

Table A1. Overall accuracies (%) and F1-scores (%) of the LCZ maps with kernel size 5 × 5, 7 × 7, 9 × 9
and 11 × 11 for 2005, 2011 and 2017. The accuracy metrics for the kernel sizes with the largest OA score
per year are indicated in bold.

5 × 5 7 × 7 9 × 9 11 × 11

2015 OA (%) 96.9 ± 0.2 97.4 ± 0.1 97.7 ± 0.1 97.3 ± 0.1
F1 Measure (%) LCZ 2 Compact mid-rise 73.3 ± 2.2 75.6 ± 1.8 79.0 ± 2.0 74.6 ± 1.5

LCZ 3 Compact low-rise 47.2 ± 2.9 47.6 ± 2.8 48.3 ± 4.1 40.2 ± 5.3
LCZ 4 Open high-rise 63.1 ± 2.0 62.9 ± 2.2 61.1 ± 2.1 56.4 ± 2.4
LCZ 5 Open mid-rise 83.9 ± 1.7 63.9 ± 3.8 67.4 ± 2.1 72.4 ± 4.3
LCZ 6 Open low-rise 88.3 ± 1.2 85.1 ± 1.6 85.7 ± 2.7 81.4 ± 2.1
LCZ A Dense trees 98.9 ± 0.1 99.3 ± 0.0 99.4 ± 0.1 99.5 ± 0.0
LCZ B Scattered trees 74.3 ± 2.5 75.8 ± 2.8 80.5 ± 2.1 74.3 ± 3.6
LCZ C Bush, scrub 60.3 ± 1.2 62.3 ± 0.8 67.0 ± 3.4 66.2 ± 5.2
LCZ D Low plants 64.7 ± 2.8 67.1 ± 3.3 75.1 ± 2.5 73.4 ± 1.6
LCZ G Water 99.9 ± 0.0 99.9 ± 0.0 99.9 ± 0.0 99.9 ± 0.0
LCZ H Agricultural greenhouse 92.4 ± 0.9 93.0 ± 1.0 95.7 ± 0.7 94.6 ± 0.4
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Table A1. Cont.

5×5 7×7 9×9 11×11

2011 OA (%) 96.8 ± 0.1 96.7 ± 0.1 96.5 ± 0.1 96.3 ± 0.2
F1 Measure (%) LCZ 2 Compact mid-rise 73.2 ± 1.0 77.6 ± 0.7 78.0 ± 0.8 77.3 ± 0.9

LCZ 3 Compact low-rise 54.5 ± 2.5 55.8 ± 1.2 54.3 ± 1.8 51.4 ± 2.2
LCZ 4 Open high-rise 75.4 ± 0.9 77.2 ± 0.7 76.9 ± 1.0 74.8 ± 1.3
LCZ 5 Open mid-rise 57.6 ± 0.7 56.4 ± 1.1 56.1 ± 1.5 57.9 ± 1.4
LCZ 6 Open low-rise 60.8 ± 2.4 56.8 ± 1.7 56.2 ± 1.6 55.2 ± 1.8
LCZ 8 Large low-rise 89.0 ± 1.4 91.4 ± 0.4 92.3 ± 0.6 92.1 ± 0.8
LCZ 10 Heavy industry 68.8 ± 0.4 60 ± 0.2 58.0 ± 0.5 56.3 ± 0.8
LCZ A Dense trees 98.9 ± 0.2 99.4 ± 0.1 99.6 ± 0.2 99.5 ± 0.2
LCZ B Scattered trees 60.4 ± 1.4 68.2 ± 2.0 65.4 ± 1.8 63.3 ± 1.9
LCZ C Bush, scrub 70.0 ± 3.3 72.5 ± 1.4 71.8 ± 2.5 70.9 ± 3.0
LCZ D Low plants 86.6 ± 2.2 83.2 ± 2.8 82.0 ± 2.8 79.0 ± 3.2
LCZ G Water 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0
LCZ H Agricultural greenhouse 96.9 ± 0.7 95.5 ± 0.9 96.7 ± 0.8 95.3 ± 1.1

2017 OA (%) 95.8 ± 0.1 95.9 ± 0.1 95.7 ± 0.1 95.4 ± 0.2
F1 Measure (%) LCZ 1 Compact high-rise 74.8 ± 1.2 78.0 ± 0.8 78.0 ± 0.7 71.8 ± 2.2

LCZ 2 Compact mid-rise 86.6 ± 0.4 84.4 ± 0.6 84.1 ± 0.5 83.0 ± 0.9
LCZ 3 Compact low-rise 61.3 ± 0.8 67.8 ± 2.3 50.5 ± 3.1 56.9 ± 4.0
LCZ 4 Open high-rise 77.4 ± 0.3 76.7 ± 0.8 74.4 ± 0.6 69.9 ± 0.7
LCZ 5 Open mid-rise 45.1 ± 1.0 45.3 ± 2.5 48.1 ± 2.1 43.0 ± 3.6
LCZ 6 Open low-rise 56.7 ± 1.3 50.6 ± 1.5 49.9 ± 1.8 49.1 ± 1.2
LCZ 8 Large low-rise 90.7 ± 0.9 93.8 ± 0.4 92.4 ± 0.6 88.8 ± 0.8
LCZ 10 Heavy industry 75.8 ± 3.5 63.2 ± 1.2 63.7 ± 9.4 50.7 ± 5.1
LCZ A Dense trees 97.3 ± 0.2 98.2 ± 0.3 97.0 ± 0.5 96.0 ± 0.4
LCZ B Scattered trees 60.8 ± 1.9 61.6 ± 4.5 52.8 ± 4.6 46.7 ± 4.8
LCZ C Bush, scrub 80.9 ± 4.5 74.2 ± 3.8 60.6 ± 4.1 74.1 ± 4.9
LCZ D Low plants 85.6 ± 2.6 83.5 ± 1.3 78.0 ± 2.4 72.1 ± 3.2
LCZ G Water 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0
LCZ H Agricultural greenhouse 96.7 ± 0.4 96.3 ± 0.3 96.9 ± 0.2 96.4 ± 0.1
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