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Abstract 

 

Two out of three people will be living in urban areas by 2050, as projected 

by the United Nations, emphasizing the need for sustainable urban 

development and monitoring. However, conventional land cover maps do not 

consider climatic properties in their classification, and existing urban 

footprint data is limited to a binary classification of urban and non-urban areas. 

Information from these data sources is insufficient to monitor urban climates. 

To address the limitations of extant urban-rural classification methods from a 

climatic perspective, the Local Climate Zone (LCZ) offers an efficient and 

standardized classification scheme of 17 urban and natural landscape classes, 

designed based on climatic characteristics such as building height and density, 

land surface cover type, and thermal conductivity of building materials.  

Recent advancements have incorporated remote sensing (RS) and 

geographic information system (GIS) techniques in tandem with supervised 

learning methods for LCZ classification. The majority of previous works used 

the Random Forest (RF) machine learning algorithm for LCZ classification 

to generate satisfactory results; nevertheless, considering the growing 

complexity of modern megacities, deeper models are required to represent the 

highly heterogeneous characteristics. With the advent of deep learning, recent 

related studies have applied convolutional neural networks (CNN) in lieu of 

the RF method with a focus on a scene-based approach to exploit local 

information for effective representation learning.  

In light of the aforementioned advances, this thesis proposes a deep 

learning-based LCZ classification framework, which incorporates a sampling 

methodology adopted from global LCZ mapping initiatives, and introduces 

three deep learning-based models to generate LCZ maps for major cities in 

Korea. The proposed models include the multi-scale convolutional neural 

network (MSCNN) in conjunction with the multi-scale ResNet (MS-ResNet) 
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and the multi-scale convolutional block attention module (MS-CBAM). The 

additional two models are deeper variations that utilize residual learning and 

spatial/channel attention to enhance LCZ classification accuracy. Multi-scale 

layers are significant because differently sized convolutional filters can 

exploit the local information of input images at various scales. In addition, 

attention-based mechanisms like CBAM can extract optimal information 

from spatial and spectral domains to help LCZ classification. Contributions 

from this thesis include a quantitative comparison of the proposed models 

with state-of-the-art LCZ classification models from recent studies, city-by-

city LCZ classification to evaluate the transferability of the model and 

training data, and the integration of various geospatial data sources to enhance 

classification accuracy such as OpenStreetMap (OSM), a global 30 m digital 

surface model (DSM), and national land cover/land use map at mid-resolution.  

Four main experiments were conducted to achieve these contributions. In 

summary, results demonstrated that the proposed multi-scale models 

outperformed benchmark models by a significant margin for all of the 

experiments and specific scenarios. The first experiment on model 

performance showed that MS-CBAM recorded the highest OA 

(88.59%±0.20%) followed by the two other proposed models, MS-ResNet 

(88.43±0.38%) and MSCNN (86.79%±0.17%). The second experiment on 

adding ancillary data revealed that the height information from the DSM 

helped improve MS-CBAM OA up to 89.27±0.21%, whereas the effects of 

OSM and level-2 national land cover map (NLCM) were found to be near-

negligible. The third experiment confirmed that deeper CNN models 

increased overall accuracy (OA) accordingly. Furthermore, the results 

displayed that the inclusion of the MS layer was statistically significant for 

MSCNN. The MS layer was less impactful for the deeper MS-ResNet and 

MS-CBAM, but nonetheless demonstrated important increases when used in 

unison with OSM and NLCM data. Lastly, the fourth experiment revealed 
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that transfer learning of the global So2Sat dataset (comprised of 42 global 

cities) considerably reduced OA below the accuracies obtained by using RF. 

Hence, this thesis concluded that without more sophisticated domain 

adaptation strategies, following the proposed LCZ classification framework 

to sample and generate LCZ maps anew is better to develop high-quality 

samples and LCZ data. On this note, a city-wise comparison of the six test 

cities was conducted to verify the robustness of the proposed models. MS-

CBAM outperformed all models again with an average overall accuracy of 

88.48%. This result was in accordance with those from previous experiments 

and reinforced the superiority of the proposed models. 

The LCZ classification framework proposed in this thesis achieves state-

of-the-art accuracy levels in comparison to leading studies found in the 

literature. Moreover, the framework was applied to Korean cities to establish 

a foundation for future, large-scale mapping of high-quality LCZ data. The 

generated LCZ data are expected to revamp existing data produced from 

conventional methods and to foster further works on advancing high-quality 

LCZ mapping at a national-scale to help monitor urban climates towards 

future sustainable development.  

 

Keywords : Local Climate Zones, Remote Sensing, Multi-Scale Convolutional 

Neural Network, Urban Climate, Deep Learning, Sustainable Development 

Student Number : 2017-25783 
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1. Introduction 

 

1.1. Local Climate Zones (LCZ) 

 

More than half of the world’s population currently live in urban areas. 

The United Nations (UN) projects this estimate to skyrocket up to 65% by 

2050 – a striking number when considering that only around 1-3% of the 

Earth is defined as built-up area (Mills, 2007; DESA, 2018). As global 

urbanization rates escalate, the paving over natural landscapes increases the 

absorption of solar radiation, while reducing the sky view factor and emitting 

artificial heat. Resulting thermal variations can impose adverse implications 

such as impaired air pollution and harmful thermal-related risks like extreme 

heat waves (Tan et al., 2010; Li & Bou-Zeid, 2013; Heaviside et al., 2017), 

which targets the majority of the global population currently living in cities. 

The impact of these risks is expected to only intensify with the continuous 

exacerbation of climate change effects (Li & Bou-Zeid, 2013), underscoring 

the imminent need to monitor and better understand urban climates.  

There are three main limitations with conventional urban-related data. 

First, urban studies struggle with the vague definition of urban and rural areas 

(Stewart & Oke, 2012; Stewart et al., 2014; Xue et al., 2020). More 

specifically, what is “urban” and what is “rural”? The growth of modern 

cities into urban agglomerations have rendered urban extents nearly obsolete. 

A systematic and standardized method is required to correctly delineate urban 

climates of the urban-rural dichotomy. Second, many existing urban datasets 

typically have one class related to built-up or impervious areas. For example, 

high-resolution urban Geographical Information System (GIS) layers such as 

the Global Urban Footprint (GUF) or the Global Artificial Imperviousness 

Area (GAIA) only contain one category representing urban regions. Third, 

traditional land cover datasets, such as land use/land cover (LULC) maps, 
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only represent urban form and function without consideration of key climatic 

properties. These datasets may be used to distinguish urban surface cover, but 

are not representative of thermal and climate-related characteristics. To clarify, 

homogeneous regions of land use in urban areas may exhibit similar activity 

(urban function), yet may be composed of dissimilar urban land cover features 

(urban form), in which case, the difference in structural and land cover 

composition would engender distinctive climatic characteristics at a local 

scale (Stewart & Oke, 2012). In summary, existing urban datasets and LULC 

maps lack information on climatic properties needed to characterize micro-

climates and to obtain a comprehensive understanding of the urban climate. 

To address these three limitations, the Local Climate Zone (LCZ) scheme 

was introduced as a climate-based classification scheme for urban 

temperature studies (Stewart & Oke, 2012; Stewart et al., 2014). The LCZ 

scheme is composed of 17 urban and natural classes based on regions of 

uniform surface cover (pervious and impervious), surface structure (height 

and density), building material (heavy and light-weight), and anthropogenic 

activity (heat output) that span hundreds of meters to kilometers at horizontal 

scale (Stewart & Oke, 2012). Figure 1 presents an organized collection of the 

LCZ classes. Readers are referred to the original paper for a detailed 

description and for supporting quantitative evidence (Stewart & Oke, 2012). 

The LCZ classification scheme can therefore be used to map the urban form 

and function of cities, whilst representing the microclimates within urban-

rural settings. The significance of each LCZ class has been evaluated in 

numerous studies using field observations, advanced observations on urban 

heat island (UHI) using LCZ, and atmosphere-surface model simulations 

(Stewart & Oke, 2010; Stewart & Oke, 2012; Stewart et al., 2014; Cai et al., 

2018; Bechtel et al., 2019b). The advantages of using LCZ for monitoring 

climate change are described in more depth in Section 2.1.  
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Figure 1. LCZ classification scheme showing the ten urban (yellow) and seven natural (green) classes. 
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1.2. Retracing the Trends in LCZ Classification 

 

LCZs have proven their importance for monitoring urban climates, 

especially amid global concerns of urbanization and climate change. Early 

LCZ classification studies used point or grid-based data obtained from 

simulations of related climatic properties (Oke, 2004; Stewart & Oke, 2009; 

Stewart & Oke, 2010; Stewart & Oke, 2012). Alternatively, the proliferation 

of remote sensing (RS) and GIS data in recent years has facilitated more 

efficient LCZ classification by processing geospatial data via supervised LCZ 

classification methods (see Section 2.2) with machine learning classifiers (see 

Section 2.3) (Bechtel, 2011; Bechtel & Daneke, 2012; Bechtel et al., 2015; 

Bechtel et al., 2016). 

The World Urban Database and Access Portal Tools (WUDAPT) is a 

community-based platform for users to create LCZ maps at 100 m resolution 

using Landsat 8 images and the random forest (RF) classifier (Mills et al., 

2015; Bechtel et al., 2019a). To note, the 100 m resolution is in accordance 

with the formal definition of LCZs. For LCZ classification, the RF algorithm 

is the favored machine learning algorithm due to its non-parametric nature 

and adequate classification accuracy over other models (Bechtel et al., 2015). 

WUDAPT offered the first LCZ classification framework, which provided an 

open-source sampling and supervised classification. LCZ maps have been 

created for around 100 global cities using the WUDAPT protocol, showing 

the platform’s widespread influence, but the resulting LCZ data suffered from 

moderate classification accuracy (average overall accuracy of 74.5%) 

(Bechtel et al., 2015; Bechtel et al., 2019a; Yoo et al., 2019; Zhu et al., 2020) 

below the recommended land cover classification accuracy assessment of 85% 

overall accuracy (Foody, 2002). Ultimately, the relatively low accuracy can 

be attributed to the limitations of RF, due to the model’s shallow depth and 

inability to extract higher-order features from the input datasets (Zhu et al., 
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2020). This drawback is salient in megapolises and large urban 

agglomerations. To generate higher quality LCZ data, deeper and more 

sophisticated learning models are needed.  

Recent LCZ classification studies have used deep learning models and 

sophisticated architecture to obtain more accurate and representative LCZ 

classification results. In general, the majority of studies used convolutional 

neural networks (CNN) applied in previous image classification studies 

within the RS and computer vision domains (Qiu et al., 2020) (see Sections 

2.3 and 2.4). In addition, CNN-based models demonstrated better 

generalization ability over machine learning classifiers like RF (Qiu et al., 

2018a; Yoo et al., 2019; Rosentreter et al., 2020; Zhu et al., 2020). These 

advancements have transitioned state-of-the-art, deep learning-based LCZ 

classification studies towards large-scale mapping on a global scale. For 

instance, the So2Sat dataset was developed to foster deep learning-based LCZ 

classification studies. The dataset is comprised of Sentinel-1 and 2 image 

patches with LCZ labels sampled from 42 cities which can be integrated as 

pre-trained weights via transfer learning (Zhu et al., 2020). Furthermore, the 

use of image patches has also popularized scene-based approaches in deep 

learning-based LCZ classification studies. Scene-based approaches are 

advantageous since the models can learn the local information to represent 

heterogeneous landscapes more effectively (Liu & Shi, 2020; Rosentreter et 

al., 2020). These three trends are displayed in Table 1 and are elaborated on 

in subsequent sections (see Section 2.5). In light of these observations, the 

thesis also presents a first-ever, comprehensive review of recent deep 

learning-based LCZ classification studies. 
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Table 1. Recent trends in deep learning-based LCZ classification studies.  

# Trends References 

1 CNN outperforms RF (Yoo et al., 2019; Rosentreter et al., 2020) 

2 
Scene-based image 

classification 

(Qiu et al., 2018b; Qiu et al., 2019a; Liu & Shi, 

2020; Qiu et al., 2020; Rosentreter et al., 2020; 

Zhu et al., 2020) 

3 Large-scale mapping 

(Bechtel et al., 2019a; Bechtel et al., 2019b; 

Demuzere et al., 2019a; Demuzere et al., 

2019b; Ren et al., 2019; Demuzere et al., 2020; 

Rosentreter et al., 2020; Zhu et al., 2020) 

 

Despite the many advancements, deep learning-based LCZ classification 

studies still face several challenges. First, the global So2Sat dataset offers 

large-scale data to facilitate model training, but still requires sophisticated 

domain adaptation strategies to effectively integrate the data for high-quality 

LCZ classification (Qiu et al., 2018b; Qiu et al., 2019a). This thesis thus seeks 

to investigate the effectiveness of conducting supervised classification anew 

(similar to WUDAPT) to create high-quality LCZ data, instead of relying on 

global datasets. Granted that the manual sampling may be cumbersome, this 

thesis integrates the advantages from the WUDAPT protocol and the So2Sat’s 

development to propose a sampling methodology for the generation of high-

quality LCZ samples (see Section 3.2). Second, there is no consensus over an 

optimal deep learning-based LCZ classification approach. Moreover, given 

the difficulty of finding optimal deep learning models, the majority of related 

studies have not provided a comparison of state-of-the-art models for LCZ 

classification. With regards to the scene-based approach for deep learning-

based LCZ classification and the importance of manipulating local 

information, one branch of models to consider is multi-scale models, which 

has only been mentioned in one related LCZ classification study (Liu & Shi, 

2020).  
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1.3. Motivations and Objectives 

 

This thesis aims to overcome the limitations of WUDAPT and machine 

learning methods (see Section 1.2) by building upon the recent trends of using 

CNN models, the scene-based approach, and large-scale mapping (see 

Section 2.4.2). In addition to the limitations from related studies and from the 

perspective of global urbanization and climate change, future deep learning-

based LCZ classification efforts must be able to characterize the increasingly 

heterogeneous and complex nature of modern cities and environments. For 

this purpose, this thesis focuses on LCZ classification in South Korea. The 

southern half of the Korean peninsula poses an intriguing challenge to apply 

the framework since the country has undergone rapid urbanization and 

economic growth over the past 50 years, radically transforming the nation’s 

landscapes and creating numerous metropolitan cities. The objectives of this 

thesis are threefold:  

 

(1) Objective 1: Develop and establish high-quality LCZ training 

samples prepared for scene-based classification and large-scale 

mapping 

(2) Objective 2: Develop a deep learning-based classification model that 

is competitive with state-of-the-art studies and can represent the 

heterogeneity and complexity of urban areas 

(3) Objective 3: Investigate the performance and transferability of the 

proposed framework to assess the feasibility of large-scale LCZ 

mapping 

 

Based on these objectives, the main contributions of this thesis are 

summarized in Table 2. The first two contributions (contributions 1-1 and 1-

2) are related to the proposed LCZ classification framework. In more detail, 
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this thesis proposes a sampling methodology that combines key strategies 

from previous LCZ classification initiatives, while using only open-source 

data and software. Also, three deep learning models are proposed to generate 

enhanced representations of heterogeneity in complex landscapes by 

integrating a multi-scale (MS) layer. Third, open-source, ancillary data are 

added as data layers into the input dataset to enhance LCZ classification 

accuracy. Last, the sampled LCZ data and proposed models are used to map 

each test city in a “city-wise classification” to evaluate transferability. This 

last contribution is required to demonstrate the feasibility of extending this 

research for large-scale LCZ classification, insofar as mapping the entire 

nation. 

 

Table 2. List of the main contributions made by this thesis. 

# Contributions Section 

1-1 

Sampling methodology adopted from (Bechtel et al., 

2019a; Zhu et al., 2020) modified for point-based 

labeling to produce high-quality LCZ training data 

3.2 

1-2 
Multi-scale model architectures designed for the 

scene-based approach to attain optimal accuracy 
3.3 

2 

Quantitative assessment with benchmark and recent 

deep learning models (Qiu et al., 2018b; Liu & Shi, 

2020; Rosentreter et al., 2020) 

5.1, 5.3 

3 
Integration of open-source GIS data and height 

information as ancillary data to enhance accuracy 
5.2 

4 

City-wise classification to assess model and data 

transferability as well as the feasibility of large-scale 

LCZ mapping 

5.4 
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1.4. Thesis Organization 

 

The remainder of this thesis is structured in the following order: Chapter 

2 provides essential background and theoretical information surrounding 

LCZ classification and deep learning models. Chapter 3 describes the 

proposed framework’s sampling methodology and deep learning 

classification models. Included sections will enumerate the required input 

data sources and describe the proper implementation of the proposed multi-

scale models. Chapter 4 outlines the experimental design which includes data 

preprocessing steps, the introduction of the six test cities, a description of the 

four main experiments, and accuracy assessment metrics. An overarching 

workflow of the proposed LCZ classification framework is provided to 

illustrate the implementation of the various data sources, proposed 

methodology, and proposed models. Chapter 5 reveals high-quality LCZ 

maps and quantitative assessments to prove the proposed LCZ classification 

framework’s state-of-the-art standards. To further enhance the proposed 

framework, experiments on the integration of ancillary data, additional tests 

on model performance, and investigation of transferability using a city-by-

city assessment are also discussed. Lastly, Chapter 6 summarizes the results 

and implications of the thesis, outlining limitations, and potential areas for 

future work.  
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2. Background and Related Works 

 

Section 2.1 outlines LCZ characteristics and defines LCZ output data 

levels. Section 2.2 introduces the adoption of RS and GIS methods for 

supervised LCZ classification. Section 2.3 explains the theoretical 

background of CNNs and residual learning. Then, Section 2.4 introduces 

attention-based mechanisms to help improve the representation of important 

local information in images. Lastly, Section 2.5 organizes recent related 

works on deep learning-based LCZ classification into a comprehensive 

literature review, which is exhaustive to the best of the author’s knowledge.  

 

2.1. Detailed Background on LCZ Characteristics 

 

LCZs are advantageous for urban climate studies for multiple reasons. 

Firstly, LCZs were designed based on climatic characteristics (shown in 

Figure 2), unlike other common classification schemes. Each LCZ can 

therefore be quantified based on numerous physical properties that are highly 

correlated with urban climate characteristics including sky view ratio, aspect 

ratio, impervious/pervious surface fraction, Davenport’s terrain roughness 

class (Davenport et al., 2000), surface admittance, surface albedo, and 

anthropogenic heat output (Bechtel, 2011; Bechtel & Daneke, 2012; Stewart 

& Oke, 2012; Stewart et al., 2014). In comparison to the single built-up 

classes in conventional urban datasets, the multiple built-up classes (LCZs 1-

10) offer a broader array of information on urban form and function. 

Considering the rapidly growing urbanization rates and complexity of modern 

megacities, LCZs offer a richer representation of these eclectic urban 

agglomerations, in comparison to other existing data sources.  
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Figure 2. Climate-related components representing the LCZ classification 

scheme (Bechtel et al., 2015). 

Secondly, the LCZ classification scheme is designed to be standardized 

and culturally-neutral. Under ideal conditions, the scheme can be applied to 

compare different cities together, regardless of location and time (Stewart & 

Oke, 2012; Bechtel et al., 2019b). Cross-city assessments are necessary since 

urbanization and climate change effects pose implications on a global scale. 

Thirdly, classified or labeled LCZ data can be employed as fundamental 

building blocks (Level-0) for further applications to generate higher-level 

products. To clarify this explanation, Figure 3 illustrates the different product 

levels from LCZ classification. Level-0 data corresponds to the direct LCZ 

classification results and are considered as raw data that represents the urban 

form and function (Bechtel et al., 2019a). Higher-level data parametrize 

Level-0 data for further modeling and monitoring applications at finer scales 

and higher dimensions. Although Level-1 and 2 LCZ data are beyond the 

scope of this thesis, readers can find numerous LCZ applications such as 

urban climate modeling (Bechtel et al., 2019a), which can be extended for 

city planning to implement urban cooling adaptations (Geletič et al., 2018; 

Vandamme et al., 2019; Leconte et al., 2020; Maharoof et al., 2020), in-depth 
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UHI studies to analyze temperature in micro-climates (Fenner et al., 2017; 

Cai et al., 2018; Koc et al., 2018; Mushore et al., 2019; Wang et al., 2019), air 

pollution monitoring (Franco et al., 2019; Shi et al., 2019), and the assessment 

of heat-related risks (Verdonck et al., 2018; Cai et al., 2019; Gilabert et al., 

2020). 

 

 

Figure 3. Development of multi-level LCZ products as a modified version 

from (Mills et al., 2015), where level-0 refers to LCZ classification products 

and higher levels are generated using modeling and parametrization 

methods. 

These “green” strategies are paramount for sustainable development and 

the establishment of future smart cities (Krayenhoff et al., 2018). Furthermore, 

recent works have extended the LCZ classification to extract information on 

the internal morphology of urban areas (vertical and horizontal building 

information) (Chen et al., 2020a) and to generate global land cover maps at 

comparable accuracy with existing high-resolution maps such as the Finer 

Resolution Observation and Monitoring of Global Land Cover (FROM-GLC) 

(Li et al., 2020b).  
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2.2. Remote Sensing (RS) and GIS Data for LCZ 

Classification 

 

Although incorporating climatically related physical properties is 

necessary, some of the properties mentioned in Section 1.2 can be considered 

to be redundant, such as sky view ratio, impervious/pervious surface fraction, 

building height, and building fraction (Bechtel et al., 2015). Rather than 

acquiring each property as exclusive measurements, remotely-sensed data can 

be utilized to efficiently observe urban form and function and to extract the 

discriminative features required for LCZ classification (Bechtel, 2011; 

Bechtel & Daneke, 2012; Bechtel et al., 2015). In general, urban RS methods 

require a spatial resolution of at least 100 m spatial resolution to distinguish 

urban features. For this reason, mid-high resolution satellite images from 

Landsat-8 and Sentinel-2 are widely used given their adequate spatial, 

spectral, and temporal resolutions. The near-infrared (NIR) bands can be used 

to observe the distribution of vegetation, the short-wave infrared (SWIR) for 

bare soil and impervious, paved surfaces, and the long-wave thermal infrared 

(TIR) for urban, impervious cover, and heat emissions (Bechtel, 2011; 

Bechtel et al., 2015). For indirect measurements, spectral indices such as the 

normalized difference vegetation index (NDVI) and built-up indices can be 

used to infer the required climatic components (As-syakur et al., 2012; Rasul 

et al., 2018). Aside from optical sensors, images from synthetic aperture radar 

(SAR) (Ban et al., 2015; Salentinig & Gamba, 2015; Bechtel et al., 2016; 

Iannelli & Gamba, 2019; Sun et al., 2019), nighttime light (Li & Zhou, 2017; 

Li et al., 2018; Xue et al., 2018), and multi-sensor fusion (Gamba, 2013; 

Salentinig & Gamba, 2015; Iannelli & Gamba, 2019) can provide additional 

information to help delineate key features for LCZ classification. Recent 

studies also indicate the potential to use very high resolution satellite images 

with a sub-meter spatial resolution for LCZ classification (Brousse et al., 
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2019; Collins & Dronova, 2019). 

RS data is acquired globally at repeated intervals to facilitate accessible 

and efficient updates to existing data. In contrast, GIS data is usually curated 

manually and are restricted to smaller extents, which may result in sparse data 

collections. In terms of data quality, RS data is ultimately limited by cloud 

coverage and spatial resolution. On the other hand, GIS data is often produced 

at finer spatial resolutions and are maintained to a high-quality standard. 

Consequently, GIS data can be difficult to acquire and, in some cases, may 

not be open for public use. Nevertheless, although existing urban geospatial 

data may be limited when used separately, each layer can be used to derive 

essential components for LCZ classification. For instance, urban footprint 

layers such as GUF, imperviousness layers such as GAIA, and LULC maps 

can be combined as specific parameters for LCZ classification.  

Alternatively, both RS and GIS data can be integrated to exploit their 

respective advantages. For instance, crowd-sourced OpenStreetMap (OSM) 

data and the inherent categories can be allocated to corresponding LCZ 

classes to help rectify misclassifications (Lopes et al., 2017; Goldblatt et al., 

2018; Fonte et al., 2019). OSM data was used in the 2017 IEEE GRSS Data 

Fusion Challenge which investigated multi-modal fusion for land use 

mapping via LCZ classification (Yokoya et al., 2018). This data challenge 

provided Sentinel 2 and Landsat 8 images resampled to 100 m with OSM data 

for five training cities and additional unseen test cities. Similarly, LULC maps 

have been included in the classification process as natural land cover classes 

(Wang et al., 2018; Shi et al., 2019; Chen et al., 2020b). However, based on 

feature importance rankings and comparison studies of various input data, the 

inclusion of GIS data was found to have a negligible contribution on 

classification results (Qiu et al., 2018b; Demuzere et al., 2019b; Zhang et al., 

2019a). To uncover the full potential of these data inputs, more research on 

deep learning-based LCZ classification is imperative. 
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2.3. Convolutional Neural Networks for LCZ 

Classification 

 

With the advent of deep learning, CNNs have been applied extensively 

for remote sensing applications including image classification (pixel and 

patch-based) and semantic segmentation. The widespread success of CNNs 

stems from local connectivity between neurons and parameter sharing 

through convolutional layers (LeCun et al., 2015). The use of multiple layers 

in deep CNN architectures yield hierarchically distributed representations of 

low to high-level feature maps, allowing models to learn the abstract and 

intricate features from input datasets and to be robust to overfitting problems. 

 

2.3.1. Background on Convolutional Neural Networks (CNN) 

CNNs used for image classification are generally composed of 

convolutional layers and fully-connected layers with additional layers such as 

activation functions, batch normalization, and pooling layers. Filters are used 

in the convolutional layer like a moving window to extract feature maps from 

the input data via the convolution operation. The convolution operation is 

essentially the sum of the elementwise multiplication between the filter and 

the image such that ∑ 𝑥 ∙ 𝑦 . Concretely, the 2D convolution product, 

𝑐𝑜𝑛𝑣(·)𝑥,𝑦 , of an image I with dimensions (nh, nw, nc) and a filter F with 

dimensions (f, f, nc) can be expressed as: 

𝑐𝑜𝑛𝑣(𝐼, 𝐾) =  ∑ ∑ ∑ 𝐹𝑖,𝑗,𝑘𝐼(𝑥+𝑖−1),(𝑦+𝑗−1),𝑘

𝑛𝑐

𝑘=1

𝑛𝑤

𝑗=1

𝑛ℎ

𝑖=1

 (1) 

where x,y are the indexes of rows and columns in the image, 𝐹𝑖,𝑗,𝑘 denotes 

the filter and its weights at position (i,j) on the kth feature map, and the image’s 
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dimensions nh, nw, nc correspond to height, width, and the number of input 

channels (alternatively, bands or features), respectively. Ergo, the convolution 

product at one specific layer is generated with dimensions (nh, nw). This 

general case assumes zero-padding and a stride value of one. Extending 

Equation 1 to generic layers, the 2D convolutional layer at the “mth” layer can 

be written as: 

𝑐𝑜𝑛𝑣(𝐼[𝑚−1], 𝐾[𝑚]) = 

𝜑[𝑚]( ∑ ∑ ∑ Ｆ
𝑖,𝑗,𝑘

(𝑚)
𝑛𝑐

[𝑚−1]

𝑘=1

𝑛𝑤
[𝑚−1]

𝑗=1

𝑎(𝑥+𝑖−1),(𝑦+𝑗−1),𝑘
[𝑚−1]

𝑛ℎ
[𝑚−1]

𝑖=1

+ 𝑏ℎ
[𝑚]

) 
(2) 

where 𝜑[𝑚](∙) represents the activation function, 𝑎[𝑚−1] denotes the pixel 

value of the input image, and 𝑏ℎ
[𝑚]

 is the bias term. Here, the initial input 

image is denoted as 𝑎[0] , while the output image signified as 𝑎[𝑚]  is 

produced with dimensions of (𝑛ℎ
[𝑚]

, 𝑛𝑤
[𝑚]

, 𝑛𝑐
[𝑚]

). Fully connected layers are 

normally placed after a sequence of convolutional layers to connect all of the 

neurons and their weights. The output layer usually consists of a softmax layer 

to transform the neuron weights into a probability score (ranging from 0 to 1) 

corresponding to each LCZ class. For LCZ classification, the output softmax 

scores are allocated to 17 possible outcomes. The network weights can then 

be learned via back-propagation to minimize the designated loss function. 

Given the output probability score is 𝑃𝑖  where each score of class i is 

denoted by 𝑥𝑖, the softmax layer can be expressed as: 

 

𝑃𝑖 =  
exp (𝑥𝑖)

∑ exp(𝑥𝑖)
 (3) 
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2.3.2. Residual Learning 

Deeper neural networks encounter degradation problems, such that the 

accuracy in deeper networks saturates and then deteriorates rapidly. To help 

ease the training of deeper neural networks, residual learning was introduced 

by adding shortcut connections using identity mapping layers (He et al., 2016). 

Residual learning can be expressed by the following formula. 

𝑥𝑚+1 =  𝐹(𝜑(𝑥𝑚), 𝑤𝑚) + 𝑥𝑚 (4) 

where xm and xm+1 correspond to the input and output vectors of the considered 

layer m, wm denotes the parameters associated with layer m, 𝜑  is the 

activation function, and 𝐹 is the residual function. The operation of 𝐹 + 𝑥𝑚 

denotes the shortcut connection and element-wise addition. Since identity 

shortcut connections do not add extra complexity to the model, the entire 

network can be deepened and trained more efficiently via backpropagation 

(He et al., 2016; Szegedy et al., 2016). The implementation of the shortcut 

connection for residual learning is shown in Figure 4. 

 

 

Figure 4. Diagram of the residual block from (He et al., 2016). 

  



 

 18 

2.4. Attention-Based Modules 

2.4.1. Squeeze-Excitation Block 

Convolution operations are used to extract features by processing the 

pixel values in the image (spatial domain) and across the numerous bands 

(spectral domain). The spatial local connectivity patterns of an input image 

along spectral bands are fused within the local receptive field to produce high-

level image representations and extract useful features. Since convolutional 

layers merely blend the spatial and spectral information, simple CNNs may 

not fully represent the fine heterogeneous features present in urban areas. 

Locating important and optimal features in images may be a good strategy. 

For this purpose, attention-based modules are added onto CNNs to help 

learn more meaningful information from the image with respect to the 

features or patterns of interest. In general, attention modules are composed of 

a 2D convolutional layer, multi-layer perceptron (MLP), and a sigmoid 

function to generate the refined output attention map. To improve the 

representation power of CNNs, the squeeze-excitation (SE) block was 

developed to exploit the relationship between an image’s bands (or channels). 

The squeeze phase is used for global information embedding and the 

excitation phase uses this embedding to produce per-channel weights to apply 

to feature maps. Figure 5 displays the usage of SE blocks in CNN layers. 

Given an intermediate feature map 𝐹 with dimensions (H, W, C) for height, 

width, and bands, the squeeze and excitation functions can be expressed as: 

𝐹𝑠𝑞(𝐹𝑐) =  
1

𝐻 × 𝑊
∑ ∑ 𝐹𝑐(𝑖, 𝑗)

𝑊

𝑗=1

𝐻

𝑖=1

 (5) 

𝐹𝑒𝑥(𝐹𝑠𝑞(𝐹𝑐), 𝐹𝑐) =  𝜎{𝐹𝐶2𝛿(𝐹𝐶1[𝐹𝑠𝑞(𝐹𝑐)])} (6) 
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where 𝐹𝑐 is the feature map at band c, 𝐹𝑠𝑞 and 𝐹𝑒𝑥 refer to the squeeze and 

excitation functions, respectively, 𝜎 denotes the sigmoid activation function, 

𝛿  is the Rectified Linear Unit (ReLU) activation function, and FC 

corresponds to the fully-connected layer. The resulting output of the SE block  

is generated by channel-wise multiplication (𝐹𝑠𝑐𝑎𝑙𝑒) between a scalar and the 

original input feature map 𝐹𝑐, and can be written as: 

𝑎𝑐 = 𝐹𝑠𝑐𝑎𝑙𝑒(𝐹𝑐 , 𝑠𝑐) (7) 

 

 

Figure 5. Diagram of the SE Block implemented into CNN layers from (Hu 

et al., 2018). 

2.4.2. Convolutional Block Attention Module  

 

The convolutional block attention module (CBAM) block exploits the 

inter-relationships along the channels and spatial axes using an attention 

mechanism to extract meaningful features (Woo et al., 2018). The CBAM 

block was introduced as an efficient unit consisting of the channel and spatial 

attention mechanisms to enhance the performance of the SE block and to 

further improve the representation power. Compared to the SE block, the 

main difference in the CBAM block is the use of max-pooling to retrieve more 

distinctive channel features. Simply, the channel attention module focuses on 

detecting the feature, while the spatial attention module locates the feature. In 

the context of LCZ classification, the CBAM block can be applied in 

classification models to exploit the spatial and spectral resolutions of 
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multispectral satellite images. The overall attention process in the CBAM 

block can be expressed using the following two expressions: 

𝐹′ = 𝑀𝑐ℎ𝑎𝑛𝑛𝑒𝑙(𝐹) ⊗ 𝐹 (8) 

𝐹′′ = 𝑀𝑠𝑝𝑎𝑡𝑖𝑎𝑙(𝐹′) ⊗ 𝐹′ (9)  

where 𝐹 is an input feature map from an intermediate layer, Mchannel is the 

inferred 1D channel attention map, Mspatial is the inferred 2D spatial attention 

map, ⊗ symbolizes element-wise multiplication, and 𝐹′′ is the final CBAM 

output at the original input feature map’s dimensions. Hence, the intermediate 

feature map 𝐹 is inputted into the channel attention module, the channel-

refined feature map 𝐹′  is fed into the spatial attention module, and the 

CBAM result is shown as 𝐹′′.  

For the channel attention module, the input feature map’s dimension is 

squeezed (similar to SENet) and aggregated using both average pooling 

(AvgPool) and max pooling (MaxPool) to generate two different spatial 

context descriptors that are subsequently processed in the shared MLP 

network. The simultaneous use of average and max pooling helps to infer 

distinctive object features, which are useful to distinguish the heterogeneous 

features within urban areas. The processed descriptors are then merged using 

element-wise summation. For the spatial attention module, global average 

pooling and max pooling is performed along the channel axis and 

concatenated to produce the resulting feature descriptor. The descriptor is 

passed through a small convolutional block using a 7 by 7 filter. The 

individual channel and spatial attention maps can be represented as: 

𝑀𝑐ℎ𝑎𝑛𝑛𝑒𝑙(𝐹) = 𝜎{𝑀𝐿𝑃(𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐹)) + 𝑀𝐿𝑃(𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝐹))} (10) 

𝑀𝑠𝑝𝑎𝑡𝑖𝑎𝑙(𝐹) = 𝜎(𝑓(7,7){[𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐹);  𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝐹)]}) (11)  
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where 𝜎 is the sigmoid activation function, 𝐹(7,7) denotes a filter with a size 

of 7 by 7 pixels. The CBAM block is depicted in Figure 6.  

 

 

Figure 6. Diagram of the CBAM block showing the two channel and spatial 

attention modules (Woo et al., 2018). 
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2.5. Comprehensive Review of State-of-the-Art Studies 

 

All of the recent deep learning-based studies from the past three years 

have used CNN models. One study, not listed in Table 3, applied an MLP 

model using standard back-propagation (Xu et al., 2017) (characteristic of 

deep learning models) but was considered as a shallow machine learning 

model. With exception to this study, a comprehensive list of available deep 

learning-based LCZ classification studies was reviewed and organized in 

Table 3. This list is exhaustive to the best of the author’s knowledge. Also, 

the list only includes published studies that are available in the literature and 

does not contain specific models or independent submissions to data 

competitions.   
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The overall accuracy (OA) values are brought directly from their respective study and should serve only as an indicator of 

model performance since the actual value is dependent on the study’s input dataset size, number of LCZ classes used for 

classification, and sampling environment. Readers are advised to refer to each study for more information on specific sampling and 

model architecture scenarios, and a more complete evaluation of classification accuracy and model performance. 

 

Table 3. Comprehensive and exhaustive list of deep learning-based LCZ classification studies.  

# Input Data Benchmark Models  
Classification 

Approach 

Main  

Model 
OA Year Source 

1 

2017 IEEE 

GRSS Data 

Challenge 

RF, Gradient 

Boosting Machines 
Pixel-based Shallow CNN 72.63% 2017 

(Sukhanov 

et al., 2017) 

2 

So2Sat  

(32x32) 

(9 cities) 

Different inputs 

using ResNet 
Scene-based 

ResNet  

(4-ResBlocks) 
78% 

2018 

(Qiu et al., 

2018b) 

3 

So2Sat  

(32x32) 

(7 cities) 

Different inputs 

using ResNet 
Scene-based 

ResNet  

(4-ResBlocks) 
~70% 

(Qiu et al., 

2018a) 

4 

2017 IEEE 

GRSS Data 

Challenge 

RF 
Pixel/ 

Scene-based 
CNN 90.85±0.38% 

2019 

(Yoo et al., 

2019) 

5 

So2Sat  

(32x32) 

(7 cities) 

ResNet Scene-based 

Re-ResNet  

(4-ResBlocks with 

long short-term 

memory (LSTM)) 

84.0% 
(Qiu et al., 

2019a) 
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6 

So2Sat  

(32x32) 

(7 cities) 

ResNet, Re-ResNet Scene-based ResNet Ensemble 86.7% 
(Qiu et al., 

2019b) 

7 

Google Street 

View  

(640x640) 

WUDAPT, 

Inception-v3 (Non-

LCZ application) 

Scene-based Inception-v3 

Train: 

70.5%±0.2% 

Test: 

69.6%±0.2% 

(Xu et al., 

2019) 

8 

Sentinel-2  

(32x32) 

(8 cities) 

RF Scene-based CNN 87.7%%±0.4 

2020 

(Rosentreter 

et al., 2020) 

9 
Full So2Sat 

(32x32) 
RF, SVM Scene-based ResNeXt-CBAM 61% 

(Zhu et al., 

2020) 

10 
Full So2Sat 

(32x32) 

VGG, ResNet, 

DenseNet, Xception, 

CBAM 

Scene-based Sen2LCZ-Net 69.4% 
(Qiu et al., 

2020) 

11 

Sentinel-2  

(32x32 to 64x64 

are optimal) 

(15 cities) 

FCN, RF, WUDAPT Scene-based 

LCZNet (SE-Net 

+ Residual 

Learning) 

88.61% 
(Liu & Shi, 

2020) 

12 

Sentinel-2 and 

Landsat-8  

(33x33 and 

55x55)  

(2 cities) 

Different inputs 

using CNN 
Scene-based CNN 

85.3% and 

96.1% 

(Yoo et al., 

2020) 

 



 

 25 

2.5.1. CNN Outperforms RF 

Recent studies applied RF as a common benchmark model to compare 

machine learning and deep learning algorithms for LCZ classification. For 

instance, Yoo et al. (2019) used Landsat-8 images provided from the 2017 

IEEE GRSS data contest to compare pixel and patch-based CNN models with 

RF. Even when RF utilized hand-crafted features, the patch-based CNN 

outperformed CNN for all LCZs and tested cities. Rosentreter et al. (2020) 

used a similar model architecture to Yoo et al. (2019) which was also inspired 

by the pioneering VGGNet (Simonyan & Zisserman, 2014). Sentinel-2 

images were used for LCZ classification of major German cities. Both studies 

found that CNN generated higher overall accuracy over RF. Lastly, Zhu et al. 

(2020) compared RF and SVM with an attention-based ResNeXt model using 

CBAM (ResNext-CBAM) to classify a large, global LCZ dataset. Results 

showed that the sophisticated deep learning model outperformed RF even 

when using large-scale datasets. 

Extending from these studies, several studies also proposed customized 

sophisticated algorithms such as Sen2LCZ-Net and LCZNet using well-

known baseline CNN model architectures including residual learning 

(ResBlock) (He et al., 2016) and the SE-block modules (Hu et al., 2018). The 

integration of sophisticated deep learning model architecture in recent studies 

signals the potential transition towards deep learning to resolve the drawback 

of shallow machine learning models. 

2.5.2. Scene Based Image Classification 

Many of the reviewed studies used the datasets provided by the 2017 

IEEE GRSS Data Contest (Yokoya et al., 2018) and the large-scale So2Sat 

dataset sampled from 42 global cities (Zhu et al., 2020). The latter dataset is 

comprised of 32 by 32-pixel patches of Sentinel-1 and 2 images and is 

provided with the initiative to foster deep learning-based applications of LCZ 
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classification. Finer resolutions of input image patches may also be 

considered, particularly for highly dense and heterogeneous cities (Yoo et al., 

2020), but users are cautioned to find a balance between feature and image 

patch size.  

Based on this observation, the majority of deep learning-based LCZ 

classification studies adopted a scene-based approach by applying fixed-size 

image patches rather than a pixel-based approach for supervised classification. 

Input image patches can exploit local pixel information (Liu & Shi, 2020; 

Rosentreter et al., 2020; Zhu et al., 2020), whereas pixel-based classification 

methods are notorious for salt-and-pepper noise and for being 

computationally intensive. Also, the notion of classifying individual pixels as 

specific LCZ classes when using 100 m resolution images is questionable 

since each class is a category based on an amalgamation of climate-related 

characteristics. Further, LCZs are formally defined as homogeneous micro-

climates of hundreds of meters in the horizontal scale. Given that cities are 

growing in complexity over time, the use of local contextual information is 

essential to capture the heterogeneous mixture of urban and surrounding areas 

(Verdonck et al., 2017; Zhang et al., 2019a).  

Many works applied fixed-sized patches of 32 by 32 pixels from 

Sentinel-2 satellite images, which corresponds to 320 m by 320 m image 

patches (Rosentreter et al., 2020; Zhu et al., 2020). In a pioneering study, the 

authors noted that larger image input sizes between 32 by 32 to 64 by 64 

pixels were helpful to improve classification accuracy, while exceedingly 

larger sizes of up to 96 by 96 patches (nearly 1 by 1 km2) yield comparatively 

similar or lower accuracy results (Liu & Shi, 2020). On this note, image patch 

sizes of 32 by 32 pixels can be considered sufficient to encompass the 

required features and characteristics for LCZ classification. Examples of 32 

by 32 patches of each LCZ class are provided in the Appendix.  
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2.5.3. Large-Scale LCZ Mapping 

With the increased availability and accessibility of large-scale 

multispectral satellite imagery, a multitude of RS training datasets have been 

developed for deep learning-based image scene classification such as the UC 

Merced Land-Use dataset, RESISC45 dataset (Cheng et al., 2017), EuroSAT 

(Helber et al., 2019). Recent works on LCZ classification have followed suit 

through the global WUDAPT platform and the recently developed So2Sat 

dataset (Zhu et al., 2020). The So2Sat dataset can also be traced to the 2018 

Alibaba Cloud German AI Challenge sponsored by Alibaba Cloud and 

German Aerospace Center (DLR). In comparison to the 2017 IEEE GRSS 

contest, the vast majority of contestants used complex deep learning 

architecture to achieve high classification accuracy, ranging from VGGNet 

(Simonyan & Zisserman, 2014), ResNet (He et al., 2016), InceptionResnetV2 

(Szegedy et al., 2016), and SENet (Hu et al., 2018). Interestingly, many 

applicants echoed that complex and sophisticated deep learning models such 

as ResNet did not always outperform lightweight models due to the image 

resolution and size of the So2Sat image patches.  

LCZ mapping works have progressed from mapping individual cities to 

mapping numerous major cities and entire continents. For example, Landsat 

8 images and RF provided on the Google Earth Engine (Gorelick et al., 2017) 

were used following the WUDAPT methodology to create a continental LCZ 

map of Europe (Demuzere et al., 2020), as depicted in Figure 7. Similar data 

and methods were used to create a continental LCZ map of the United States 

with additional training data supplied by crowdsourcing methods (Demuzere 

et al., 2020). Deep learning-based studies generated LCZ maps for numerous 

major cities or at a national-scale, but further research is needed to effectively 

use the data across different domains.  
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Figure 7. Continental-scale LCZ mapping using Google Earth Engine and 

the WUDAPT protocol. Images retrieved directly from (Demuzere et al., 

2019a; Demuzere et al., 2020). 

Compared to these advancements by the international community, LCZ 

classification studies in Korea are extremely limited and outdated. Existing 

studies used weather station data and the WUDAPT protocol to create LCZ 

maps of Seoul, but at a standard that pales in comparison to recent studies 

(Hong et al., 2013; Kim & Eum, 2017). Furthermore, only Seoul and Daegu 

have been mapped using WUDAPT. One recent study investigated the use of 

CNN, but was limited only to Seoul and used training data from WUDAPT 

(Yoo et al., 2020). In contrast, neighboring countries such as China and Japan 

have conducted extensive research on LCZ classification and subsequent 

applications (Stewart & Oke, 2009; Cai et al., 2018; Quan, 2019; Ren et al., 

2019; Sun et al., 2019; Vandamme et al., 2019; Chen et al., 2020b; Liu & Shi, 

2020; Zhou et al., 2020). To catch up to global trends, establishing essential 

high-quality LCZ data should be the first step. For this purpose, LCZ data 

should be generated for a larger number of cities in addition to higher quality 

and accuracy. Ultimately, this first step can establish the foundation for LCZ-

based studies in Korea and should therefore consider recent trends in deep 

learning-based LCZ classification, introduced in Table 1 and detailed in the 

previous sections, to produce state-of-the-art LCZ data and maps.   
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3. Proposed Framework 

 

This thesis is centered on proposing a supervised LCZ classification 

framework to generate high-quality, level-0 LCZ data at 100 m resolution. 

The proposed framework consists of two parts: A sampling methodology and 

CNN models using MS filters. Section 3.1 lists all the input data used in this 

framework. Section 3.2 describes the proposed sampling methodology, while 

Section 3.3 presents the three proposed CNN models for scene-based learning.  

 

3.1. Description of Input Data 

 

The main input data and ancillary data are shown in Figure 8. In general, 

multispectral satellite images such as Sentinel-2 are used as the main input 

for LCZ classification. Other RS and GIS data sources mentioned in this 

section are used typically as ancillary data, based on feature importance 

rankings of numerous RS and GIS features in machine learning (Yokoya et 

al., 2018; Demuzere et al., 2019a; Zhang et al., 2019a) and deep learning-

based LCZ classification (Qiu et al., 2018a; Qiu et al., 2018b). Related works 

in Table 3 were also referenced when selecting ancillary data. Feature 

importance rankings revealed that manually-crafted features from spectral 

indices, such as NDVI and morphological profiles, were significant when 

using machine learning models (Zhang et al., 2019a). Conversely, spectral 

indices were less effective for deep learning models, while urban geospatial 

data layers, such as OSM, were more important (Qiu et al., 2018b). To 

improve the accessibility and significance of this study, the thesis focused on 

acquiring only open-source data. In summary, this study used Sentinel-2 

images (10 bands) as the main input in the proposed LCZ classification 

framework, while ancillary data were used only in one of the experiments to 

explore potential increases in classification accuracy (see Section 5.2).   
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(1) Sentinel-2 Multispectral Satellite Imagery (Main Input Data) 

Sentinel-2 satellite images are distributed at up to 10 m in spatial 

resolution and offer 12 spectral bands. The usage of Sentinel-2A and 2B 

satellites shorten the revisit time to five days. Although Landsat 8 images 

were mainly used in the WUDAPT protocol and in many previous studies, 

the majority of recent deep learning-based studies used Sentinel-2 images (see 

Table 3). In this thesis, 10 Sentinel-2 bands were used as shown in Table 4. 

Coastal aerosol, water vapor, and cirrus bands (bands 1, 9, and 10) were 

omitted due to their minor significance with LCZ classification. 

 

Table 4. Sentinel-2 spectral bands and specifications. 

Band Band Names 
Central 

Wavelength (µm) 

Spatial 

Resolution (m) 

2 Blue 0.490 

10 3 Green 0.560 

4 Red 0.665 

5 Vegetation Red-Edge1 0.705 

20 6 Vegetation Red-Edge2 0.740 

7 Vegetation Red-Edge3 0.783 

8 NIR 0.842 10 

8A Vegetation Red-Edge 0.965 

20 11 SWIR1 1.610 

12 SWIR2 2.190 

 

(2) Digital Surface Model (DSM) (Ancillary Data) 

Height information is vital to classify the distribution of low to high-rise 

LCZ classes, but high-resolution and open-source digital surface models 

(DSM) are scarce, costly, or limited in spatial extent. Global digital elevation 

models at similar spatial resolution are available as open-source products, but 

generally, only capture terrain elevation and do not contain important height 

information of built-up features. Many previous studies observed 

improvements in accuracy when employing building height information 

using a DSM (Yoo et al., 2020; Zhou et al., 2020). Similarly, this thesis 
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utilized the ALOS World 3D (AW3D30) DSM, which offers global height 

information at 30 m in spatial resolution and is generated by the Panchromatic 

Remote-sensing Instrument for Stereo Mapping (Tadono et al., 2016). Further, 

AW3D30 was found to be the most robust and stable source of global digital 

elevation among freely available sources (Uuemaa et al., 2020). 

 

(3) OSM (Ancillary Data) 

The density or sparsity of feature distribution is an important climatic 

component for LCZ classification. For instance, LCZ 1-3 and LCZ 4-6 can 

differ by feature distribution and spacing. Many related studies integrated 

OSM data to enhance overall LCZ classification accuracy (Qiu et al., 2018b; 

Fonte et al., 2019), especially for natural LCZs, and to extract building 

fractions at different scales (Bechtel et al., 2019a). In light of the 

enhancements found in previous works, this thesis opted to use only building 

footprint data from OSM. 

 

(4) LULC (Ancillary Data) 

Although LULC maps may not consider climatic properties, the land use 

classes provide invaluable information on the form and function of urban and 

natural landscapes. Moreover, LULC maps are generally maintained to a high 

standard by integrating fieldwork, high-quality reference data, and 

combinations of multi-modal data. As a result, existing LULC maps and the 

land use classes can be used as a proxy for corresponding LCZ classes. For 

instance, LULC maps have been used to assist with classifying natural LCZ 

classes (Wang et al., 2018). In this thesis, the level-2 national land cover map 

(NLCM) developed by the Ministry of Environment in 2019 was used to 

enhance natural LCZ classification. The NLCM contains 23 different classes 

and is provided at a map scale of 1:25,000. In general, the level-2 NLCM is 

useful for regional-level land use observations. The 2019 version of the 
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NLCM was implemented in this thesis because the map offered national 

coverage, whereas maps from previous years did not contain data in specific 

cities. 

 

  
(a) Sentinel-2 RGB Image (b) OSM Building Data 

  
(c) AW3D30 DSM (d) Aggregated Level-2 NLCM 

 

Figure 8. Examples of ancillary data for the selected test site. 
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(5) High-Quality Building Information (Reference Data/Guide) 

High-quality building information such as building vertical height and 

number of floors is crucial to improve the fidelity and overall quality of built-

up LCZ labels during the sampling phase. Previous studies predominantly 

relied on high resolution Google satellite images and Google Street View 

(GSV) to verify building height and distribution. Without personally visiting 

the sampled sites, high-resolution images from mapping services offered the 

only available source of reference. This limitation is due to the difficulty of 

acquiring open-source building height information at high resolution and over 

large areas. Global DSMs, DEMs, and building height layers produced using 

Sentinel-1 SAR imagery (Li et al., 2020c) provide measurements of building 

height but lack the resolution (Li et al., 2020a) and curated quality to be 

considered optimal as reference data. In this thesis, the Master Architectural 

Building Plan (MABP) dataset provided by the Electronic Architectural 

Administration Information System (EAIS) was used as high-quality building 

information reference data to assist with the labeling of elevation-related LCZ 

classes such as LCZs 1-3 and LCZs 4-6. The building plan dataset consists of 

various types of building information for each major city in Korea such as 

building height, number of floors, building area, and geographic location. 

This GIS data layer was crucial to guide and verify the overall integrity of the 

labeled samples. In addition, the usage of this GIS layer can be considered as 

an upgrade over previous sampling methodologies, since most procedures 

only used GSV or Google Earth images to determine differences in height. 
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3.2. Generating High-Quality Training Samples 

 

In general, LCZ sampling methodologies are processed in the following 

order: (1) “Learning” the LCZ class definitions; (2) “Labeling” the training 

samples; and (3) “Validating” the training datasets. The proposed sampling 

methodology in this thesis combines specific elements belonging to the 

guidelines and procedures outlined by the Human Influence Experiment 

(HUMINEX), WUDAPT, and the So2Sat dataset. The importance of each 

element for creating high-quality training samples is described here.  

 

3.2.1. Integration of Existing Sampling Methodologies 

First, the driver test developed by HUMINEX was incorporated as part 

of the first “Learning” step. The driver test was developed as a free and 

interactive self-assessment tool to train users for unbiased LCZ sampling and 

to maintain labeling quality. The driver test uses a total of 357 images, shown 

using Google or Bing Maps, and asks the user to find the correct LCZ class. 

The user’s test score is recorded and can provide a benchmark evaluation of 

one’s labeling quality. This step is imperative for the user or labeling operator 

to familiarize themselves with the original LCZ classification scheme. 

Without proper knowledge of the LCZ classes and their characteristics, 

individual users may produce biased and dissimilar LCZ labels (Bechtel et al., 

2017). Further, the LCZ classes are not mutually disjoint, such that certain 

areas could be classified into multiple LCZ classes, while others may not be 

accurately represented by any of the classes at all (Zhu et al., 2020).  
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Figure 9. Example of the driver test designed by the HUMINEX project 

(Bechtel et al., 2017). 

Second, the sampling guidelines provided by WUDAPT are employed in 

the “Labeling” step, such as the use of Google Earth and GSV to distinguish 

similar and confusing LCZ classes (Mills et al., 2015; Bechtel et al., 2019a). 

However, simply following the LCZ class definitions in (Stewart & Oke, 

2012) via the WUDAPT protocol or using Google Earth and GSV may not be 

suitable to differentiate between certain ambiguous LCZ classes during the 

actual labeling process, especially considering the high heterogeneity of 

Korean cities. As a result, MABP, NDVI, Google Earth, and GSV layers were 

all referenced during sampling. Also, the rigorous 4-phase sampling 

methodology used to create the So2Sat dataset was implemented in this thesis. 

So2Sat’s sampling methodology consists of four phases: learning, labeling, 

visual validation, and quantitative validation. In particular, the second phase 

(labeling) and the detailed labeling workflow for LCZ classification were 

modified and incorporated into the proposed framework. The third phase 

(visual validation) was also included in the proposed framework since the 

So2Sat dataset authors acknowledge that visual validation gives a significant 
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indication of label quality (Zhu et al., 2020). Since the So2Sat dataset was 

developed for deep learning-based classification, its sampling methodology 

was considered to be the most pertinent to adopt into the proposed framework 

in this thesis. 

3.2.2. Proposed Sampling Methodology 

The proposed sampling methodology consists of three phases that are 

analogous to the general scheme mentioned above (Learning, Labeling, 

Validation). The detailed implementation of these elements is included in a 

step-by-step explanation below.  

(1) Learning 

i. Study the LCZ classes and their characteristics based on the 

original study (Stewart & Oke, 2012). 

ii. Perform the driver test (http://77.69.20.19/dev/driver/training.php) 

to familiarize oneself with the LCZ classes and characteristics. Try 

to classify a sufficient number of LCZ classes to understand the 

differences between each class. 

iii. Study the provided examples of each LCZ class collected from 

Korean cities (see Appendix). The image patches were generated 

following successful completion of the driver test and by 

considering the class labels and their characteristics from an earlier 

study on LCZ classification of Korean cities (Kim & Eum, 2017).  

(2) Labeling 

i. Use the acquired Sentinel-2 image as a basemap and Google Earth 

or Google Map layers as a high spatial resolution reference map. 

QGIS software was used to help visualize each layer. 

ii. Compute NDVI as another reference layer to assist with classifying 

natural LCZ classes and to serve as an indicator of perviousness. 
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iii. Open the MABP dataset provided by the EAIS. Stack the reference 

layers (Sentinel-2 basemap, Google Map, NDVI, MABP) similar 

to Figure 10 to visualize the landscape characteristics. The building 

height thresholds were set based on the LCZ definitions for height 

features (Low: 0-3 floors, Mid: 3-10 floors, High: >10 floors). 

iv. Label LCZ samples using “points”, instead of polygon-based 

region of interests. Identify and label a region of homogeneous 

LCZ characteristics based on the required scale. For this thesis, the 

point sample should be centered on a region covered by a 320 m 

by 320 m area (32 by 32-pixel patch for 10 m resolution Sentinel-

2 imagery). Follow the labeling workflow adopted and modified 

from Zhu et al. (2020) as shown in Figure 11.  

* Previous studies on patch-based classification and the WUDAPT 

protocol use polygons to create LCZ samples. Sampling with points 

and cropping patches can be less cumbersome than meticulously 

drawing edges of polygons. 

* The main difference in using the proposed point-based 

methodology is the addition of the MABP dataset from EAIS to help 

differentiate building height as well as the consideration of 

pervious and impervious covers when classifying low-rise and 

industry-based LCZ classes.  

 

The details on point-based sampling can be described as follows: 

a. Points act as centroids to crop the required image patch. 

b. Point sampling is more flexible for scene-based classification 

when using fixed-size patches. If needed, different-sized patches 

can be extracted based on the labeled point centroid.  

c. Point sampling reduces the need to delineate careful edges of 

polygon training samples, as cautioned in the WUDAPT sampling 
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protocol. 

v. Ensure that point samples do not overlap excessively, since 

redundant training samples can lead to poor learning results. 

 

  

Figure 10. Stacking map and reference layers to assist with LCZ labeling.  

(3) Validation 

i. Filter the sampled LCZ labels for overlapping and incorrectly 

labeled samples. 

ii. Use GSV to compare building height and distributions in more 

detail. Since the acquisition times may differ between stacked 

layers and images, users must be cautious of changed features. 

 

* The So2Sat dataset employed a quantitative validation scheme 

with ten people voting to maintain LCZ label quality. This phase is 

also important since geographic knowledge of the test site may be 

needed to confirm label correctness; however, since this phase may 

be too time-consuming and laborious, referencing GSV, Google  

Satellite images, NDVI, and MABP are deemed to be adequate. 
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The workflow starts with the “Learning” phase. The images are stacked similar to Figure 10. There are 7 main decisions based 

on Zhu et al. (2020): (1) Uniform features recommended as at least five homogeneous 100 m resolution pixels; (2) Large building 

footprints; (3) Comparison of the number of building floors and height using MABP; (4) Compactness assessed based on building 

surface fraction of target scene; (5) Features built with light materials; (6) Sparsely distributed features based on compactness and 

perviousness; (7) Presence of industrial features and facilities. Building surface fraction can be estimated by using a 100-by-100 

meter polygon in Google Earth and by comparing features according to the target patch size. 

 

 

Figure 11. Detailed decision rule workflow for built-up LCZ class labeling adapted from Zhu et al. (2020).  
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3.3. Deep Learning-based LCZ Classification Models 

 

The comprehensive literature review in Table 3 indicates the wide variety 

of CNN models used for LCZ classification. To enhance representations of 

highly heterogeneous and complex urban areas, the MS layer was added to 

the proposed classification models. The following sub-sections will introduce 

the three proposed models and explain the advantages of using this MS 

approach. To note, the proposed models were initially inspired by state-of-

the-art model architectures employed for image classification tasks and by the 

CNN models used in recent deep learning-based LCZ classification studies 

outlined in Table 3. All models were built using Tensorflow and Keras. 

 

3.3.1. Proposed Multi-Scale CNN (MSCNN) 

The MS layer is suitable for scene-based classification approaches by 

fusing multiple perspectives taken at different resolutions to exploit local 

information. The idea of the MS layer is not novel and has been applied 

successfully for multiple applications such as noise removal in hyperspectral 

imagery (Zhang et al., 2019b), single image super-resolution (Du et al., 2018), 

and classification of mammogram images to detect breast cancer (Agnes et 

al., 2020). For LCZ classification, however, this MS strategy has only been 

used in one related study model based on residual learning and SE blocks (Liu 

& Shi, 2020). In contrast, this thesis uses different architectural units, 

including CBAM which can be considered an upgrade from SE blocks. 

The MS layer can be explained by understanding the receptive field. The 

receptive field is defined as the spatial extent in the input affected by the 

convolutional filter. The receptive field at layer k can be defined as the area 

𝑅k × 𝑅k   of the input that each pixel of the kth activation map can see. 

Assuming zero padding and a stride 𝑆𝑖 of 1, if 𝐹𝑗 is the filter size at layer j, 
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the receptive field can be expressed through a recursive operation as:  

𝑅𝑘 = (∑(𝐹𝑗 − 1) ∏ 𝑆𝑖

𝑗−1

𝑖=0

𝑘

𝑗=1

) + 1 (12) 

For example, given two filters, 𝐹1 and 𝐹2 with sizes 3 by 3, if the stride 

is kept at 1, the receptive field size is 5. By varying the filter size, the receptive 

field can be configured to create multiple-sized feature map outputs. Hence, 

smaller receptive fields can extract fine features from local information, while 

larger receptive fields can delineate spatial contextual features from relatively 

more global information (Agnes et al., 2020). Since urban landscapes are 

typically very heterogeneous in dense cities, the MS layer can be used to 

interpret the fine-grained, surrounding contextual features. Figure 12 displays 

differently sized image patches to show the importance of larger image 

representation. Image inputs should, therefore, not be too small nor too large 

for the MS layer to effectively learn the inherent features for LCZ 

classification. 

 

 

Figure 12. Different sized patches of the same LCZ class from Liu & Shi 

(2020) to show the importance of the MS layer.  
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This study proposes the multi-scale CNN (MSCNN) model which 

consists of an MS layer using three local-sized convolutional filters (5, 3, 1 

pixels) as shown in Figure 13. The selection of the three filter sizes was based 

on a previous study (Liu & Shi, 2020). The three outputs from each of the 

convolutional filters are concatenated with consideration to the definition of 

the receptive field given in Eq. (12). By adding larger filter sizes, the model 

can learn the adjacent contextual information. The MS layer is followed by 

four standard 2D convolution blocks in order of convolutional layer, batch 

normalization, ReLU activation function, and max-pooling layer. 

Convolutional layers use 3 by 3 filters, while max-pooling layers use a 

window of 2 by 2 with strides of 2. Two fully-connected layers are added at 

the end with a dropout of 20% to avoid overfitting. The softmax function is 

used at the output layer to retrieve class-wise probabilities for LCZ 

classification and to generate one LCZ class as the output. 

3.3.2. Proposed Multi-Scale Models with ResBlock and CBAM 

To enhance model performance, deep learning architectural units 

(ResBlock and CBAM) are integrated with the MS layer to proposed two 

more models. The 4-layer multi-scale ResNet (MS-ResNet) displayed in 

Figure 14 was proposed as a deeper variation of the MSCNN and uses skip 

connections. The multi-scale CBAM (MS-CBAM) shown in Figure 15 was 

developed to combine the advantages of the MS layer and the CBAM module 

to enhance representations of heterogeneous areas by manipulating channel 

and spatial attention. Filter sizes were set to 10, 7, and 5 to exploit CBAM’s 

receptive field size. Although previous studies used ResBlock and CBAM, 

these architectural units were not used with the MS layer. The 4-layer CNN 

in previous studies (Yoo et al., 2019; Rosentreter et al., 2020; Yoo et al., 2020) 

and the LCZNet (Liu & Shi, 2020) were used as state-of-the-art benchmark 

models to evaluate the proposed models. The number of parameters for each 

model is provided in Table 5 to specify the size of each model. 
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Figure 13. Model architecture of MSCNN. 

 

Figure 14. Model architecture of the 4-layer MS-ResNet. 
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Figure 15. Model architecture of MSCNN-CBAM. 

Table 5. Number of trainable and non-trainable parameters for the three proposed models and the two benchmark models in order 

of ascending total parameters. 

Model Trainable Non-Trainable Total Parameters 

4-Layer CNN (Rosentreter et al., 2020) 234,769 480 235,249 

MSCNN 3,710,737 1,920 3,712,657 

LCZNet (Liu & Shi, 2020) 7,383,825 3,968 7,387,793 

MS-ResNet 17,754,513 27,776 17,782,289 

MS-CBAM 68,076,885 1,280 68,078,165 
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4. Experimental Design 

 

The following sections in this chapter explain the required steps for the effective 

implementation of the proposed LCZ classification framework. An overall workflow 

of the entire proposed LCZ classification framework is shown in Figure 16 to help 

readers understand the organization of the proposed framework. Section 4.1 describes 

important preprocessing steps to prepare each input data as training and test datasets. 

Section 4.2 depicts the six test cities studied in this thesis. Section 4.3 presents the four 

main experiments conducted in this thesis which are directly related to the study’s 

main contributions shown in Table 2. Lastly, Section 4.4 provides a list of metrics used 

to perform accuracy assessments of the classification results.
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Figure 16. Overall workflow showing the required implementation of input data and the proposed LCZ classification framework.
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4.1. Data Preprocessing 

(1) Preprocessing Sentinel-2 Images 

In this thesis, Sentinel-2 Level-1C top-of-atmosphere radiance data is 

used. Level-2A surface reflectance products can be considered, but Level-1C 

was deemed sufficient based on its usage in recent studies (Zhu et al., 2020). 

The images listed in Table 6 were acquired for cloudless scenes during 

favorable atmospheric conditions to ensure visual clarity since LCZs are best 

observed over dry surfaces on calm, clear nights (Stewart & Oke, 2012). Two 

images of 5010 by 5010 pixels (relative to 10 m spatial resolution) were 

acquired for each city during a period between late Spring and early Autumn. 

The images were downloaded from the Copernicus Open Access Hub, but are 

also available as cloud-masked mosaics using Google Earth Engine (Schmitt 

et al., 2019) and via the Sentinelsat Application Programming Interface (API). 

The selection of the image size is arbitrary and can be adjusted based on the 

required scene of interest. 

 

Table 6. List of acquired Sentinel-2 input images. 

City Acquisition Date City Acquisition Date 

Busan 
2018/04/25 

Incheon 
2018/05/28 

2018/06/24 2018/09/25 

Daegu 
2017/04/30 

Gwangju 
2018/05/23 

2017/06/09 2018/09/25 

Daejeon 
2018/05/23 

Seoul 
2017/05/03 

2018/08/01 2017/09/20 

 

The following preprocessing steps were performed using Python 3.7.9. A 

common scaling factor was applied to all of the Sentinel-2 images. All bands 

were then resampled to 10 m spatial resolution using bilinear interpolation 

and co-located to match image extents and sizes.  
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(2) Preprocessing Ancillary Layers 

In this thesis, the OSM and level-2 NLCM GIS layers, as well as the 

AW3D30 DSM, were used as ancillary data to enhance model performance. 

First, while OSM consists of multiple different classes, only the building 

features from OSM were used to help the classification of built-up LCZ 

classes. Second, the level-2 NLCM data and its classes were aggregated to 

corresponding LCZ classes based on similar landscape characteristics. Since 

all of the NLCM classes did not directly match with LCZ classes, certain 

classes such as inland and coastal wetland were omitted. Also, since the 

NLCM data does not characterize building height, all of the urban function-

related classes were clustered into a single LCZ class. A summary of the 

allocated NLCM to LCZ classes is shown in Table 7.  

Both GIS layers were rasterized via the built-in tool in QGIS and 

resampled to 10 m spatial resolution using bilinear interpolation to match the 

input data. The AW3D30 DSM was also resampled using bilinear 

interpolation from 30 m to 10 m spatial resolution. Using Python, min-max 

normalization was applied on all of the layers and were then stacked 

individually with the Sentinel-2 satellite image bands. Normalization of input 

data is generally an imperative step for many deep learning processes to help 

the model learn the weights more efficiently.  

 

Table 7. Clustering of Level-2 NLCM classes to match LCZ classes.  

Level-2 NLCM  

Class 

LCZ 

Class 

Level-2 NLCM  

Class 

LCZ 

Class 

 Residential Urban  Deciduous Forest A 

 Industrial 10  Coniferous Forest A 

 Commercial Urban  Mixed Forest A 

 Communication Urban  Natural Grassland C 

 Transportation Urban  Non-Natural Grassland C 
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 Public Utilities Urban  Inland Wetland - 

 Paddy Field D  Coastal Wetland - 

 Non-Irrigated Land D  Natural Barren Land F 

 Protected Cultivation D  Non-Natural Barren Land E 

 Orchard D  Inland Water G 

 Other Cropland D  Seawater G 

 

(3) Preparation of Input Datasets 

Once the input data stacks are established, the sampled LCZ label points 

are used as centroids to extract non-overlapping 32 by 32 pixel-patches for 

each band in the data stack. This step is referred to as “point-to-patch” 

extraction. The point sample’s LCZ class label is allocated to the extracted 

patch and the accumulated patches are stacked to create an input dataset. 

When using ancillary data, patches are extracted from a stack of Sentinel-2 

bands and the ancillary data layer to generate an input dataset with dimensions 

of (patches, 32, 32, 10 + number of ancillary data layers). 

Manual sampling and different urban compositions may result in an 

imbalanced distribution of LCZ classes as shown in Figure 17. This class 

imbalance can result in biased classification for specific classes and can 

ultimately skew the classification accuracy. To alleviate this issue, a class 

weighting method from the scikit-learn Python library (Pedregosa et al., 2011) 

is applied to adjust the LCZ class prior probabilities in the input dataset 

(Rosentreter et al., 2020). Furthermore, data augmentation operations from 

the albumentations Python library (Buslaev et al., 2020) are used to apply 

horizontal flips, vertical flips, and rotations to the input dataset to increase the 

overall dataset size and reduce overfitting.  
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Figure 17. Distribution of the total number of labeled LCZ samples per city. 
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4.2. Test Sites 

 

A total of six cities was selected as test sites based on the city’s 

morphology, population, and geographic location. Seoul, Incheon, Busan, 

Daegu, Gwangju, and Daejeon were chosen for this thesis. The geographic 

location of each test site and a Sentinel-2 image of each city is displayed in 

Figure 18. All of the satellite images shown in the figure were acquired during 

the spring to fall season. The area of each city is color-coded and matched to 

the north arrows below each satellite image for the reader’s convenience. 

 

 

Figure 18. Overview of test sites and their respective geographic locations 

with corresponding Sentinel-2 images.  
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The distribution of LCZ samples for each test city in the preprocessed 

input dataset is presented in Figure 19. The distribution is normalized to 

underscore the relative proportions of each LCZ class. After weight balancing 

and augmentation, the number of LCZ samples is provided in Table 8. 

 

Figure 19. LCZ distribution of input dataset for the six test cities. 

Table 8. Training, test, and validation dataset distributions for each test city 

after augmentation and weight balancing. 

Test City Train Test Validation 

Busan 20,948 5,238 5,237 

Daegu 20,952 5,238 5,238 

Daejeon 21,446 5,362 5,362 

Gwangju 21,520 5,380 5,380 

Incheon 21,382 5,346 5,346 

Seoul 19,478 4,870 4,870 

 

  

0% 20% 40% 60% 80% 100%

Seoul

Busan

Incheon

Daegu

Daejeon

Gwangju

Proportion of labelled training samples

LCZ 1 LCZ 2 LCZ 3 LCZ 4 LCZ 5 LCZ 6

LCZ 7 LCZ 8 LCZ 9 LCZ 10 LCZ A LCZ B

LCZ C LCZ D LCZ E LCZ F LCZ G



 

 53 

4.3. Main Experiments  

 

This section summarizes each main experiment and explains the required 

data and steps. All experiments were performed using an Intel Core i7-6700 

CPU at 3.40 GHz and an NVIDIA GeFORCE RTX 2070 Super Graphics 

Processor Unit (GPU) with 8GB of memory. Python 3.7.9 was used with 

Tensorflow 2.3.0. For training hyperparameters, an early stop of 15, a learning 

rate of 0.002, and a decay factor of 0.004 were used. The adaptive moment 

estimation (adam) optimizer was used to minimize the cross-entropy loss 

function. 

 

(1) Experiment 1: Model Performance for LCZ Classification 

This experiment is focused on assessing model performance using 

classification accuracy. The proposed MSCNN, MS-ResNet, and MS-CBAM 

models are compared with benchmark CNN and state-of-the-art LCZNet 

models. The input dataset included all six test cities and was split randomly 

into 80% training and 20% test datasets, while 20% of the training dataset 

was used as the validation dataset. The proposed MSCNN used a batch size 

of 96 for 400 epochs, while the deeper models, MS-ResNet and MS-CBAM, 

used a batch size of 32.  

 

(2) Experiment 2: Effect of Integrating Ancillary Data 

AW30DSM, OSM, and level-2 NLCM data layers were individually 

added to the input dataset to enhance classification accuracy. By adding each 

ancillary data layer, the input dataset should have the dimensions (patches, 32, 

32, 11). Input datasets were integrated into models in the same manner as 

those of the first experiment. 
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(3) Experiment 3: Effect of Model Depth and the Multi-Scale Layer  

Deeper and more sophisticated models have continuously been 

introduced to optimize image classification results, as evidenced by 

benchmark rankings for popular image classification datasets. This 

experiment examined the effect of varying layer depths of CNN and MSCNN 

between three to five layers. The influence of the MS layer was assessed for 

MS-ResNet and MS-CBAM as well. The input dataset and splits were 

identical to those of the first experiment. 

 

 (4) Experiment 4: Investigating Transferability 

This experiment consists of two parts: first, the transferability of the 

global So2Sat dataset was assessed using transfer learning with respect to the 

input datasets made in this thesis; and second, a “city-wise” comparison was 

performed to investigate the model’s robustness. The results of these 

experiments are crucial to determine the usability and advantages of both 

methods (transfer learning vs. supervised classification anew). 

First, the So2Sat dataset was accessed via transfer learning by using a 

pre-trained ResNet50 model. Two fully-connected dense layers were added 

to the end of the pre-trained model, while the earlier layers were left frozen. 

The same test datasets from previous experiments (20% split) were used for 

this experiment. Second, LCZ classification was conducted for each city 

using a “leave-one-out” cross-validation approach. Thus, when classifying a 

certain city, the input training excluded LCZ labeled samples from the tested 

city and was comprised only of data from the remaining five cities. For 

instance, to classify Seoul, the input dataset would contain data from Busan, 

Daegu, Daejeon, Gwangju, Incheon. To remain consistent with the previous 

experiments, the input dataset was split into 80/20 proportions for training 

and test datasets, respectively. 
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4.4. Accuracy Assessment 

 

This thesis used conventional accuracy metrics for multi-class image 

classification. Aside from the overall accuracy (OA), built-up OA, 

(𝑂𝐴𝑏𝑢𝑖𝑙𝑡−𝑢𝑝) and natural OA (𝑂𝐴𝑛𝑎𝑡𝑢𝑟𝑎𝑙) were implemented in this thesis 

considering their widespread usage in recent LCZ-related studies. For the 

class-wise OA metrics, built-up LCZ classes represent LCZ 1-10, while 

natural LCZ classes include LCZ A-G. Also, N denotes the LCZ samples and 

C is the LCZ class. The separate OA measures were helpful to gauge the 

influence of built-up heterogeneity on classification accuracy. To add more 

insight, confusion matrices are presented for all LCZ classification results. 

Furthermore, F1-scores, calculated as the harmonic mean of precision and 

recall values, were computed as well. The notations of TP, FP, and FN 

correspond to true positive, false positive, and false negatives, respectively. 

The specific formula for each accuracy metric is listed in Table 9. 

 

Table 9. Accuracy metrics for LCZ classification. 

Metric Formula # 

OA 𝑂𝐴 =  
1

𝑁
∑ 𝑁𝑖

𝐶17
𝑖=1   (13) 

Built-up OA 𝑂𝐴𝑏𝑢𝑖𝑙𝑡−𝑢𝑝 =  
1

𝑁𝑏𝑢𝑖𝑙𝑡−𝑢𝑝
∑ 𝑁𝑖

𝐶,𝑏𝑢𝑖𝑙𝑡−𝑢𝑝17
𝑖=1   (14) 

Natural OA 𝑂𝐴𝑛𝑎𝑡𝑢𝑟𝑎𝑙 =  
1

𝑁𝑛𝑎𝑡𝑢𝑟𝑎𝑙
∑ 𝑁𝑖

𝐶,𝑛𝑎𝑡𝑢𝑟𝑎𝑙17
𝑖=1   (15) 

F1-Score 𝐹1 = 2 (
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
)  (16) 

Precision 
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (17) 

Recall 
𝑇𝑃

𝑇𝑃+𝐹𝑁
  (18) 
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5. Results and Discussion 

 

In this chapter, the results of the four main experiments introduced in 

Section 4.3 are presented. Section 5.1 provides a state-of-the-art evaluation 

of LCZ classification models to assess the proposed MS models. Section 5.2 

extends the first experiment to explore the effects of integrating ancillary data 

for accuracy enhancement. Section 5.3 investigates the effect of different 

model depths for CNN models and the impact of the MS layer with respect to 

the three proposed models. Lastly, Section 5.4 investigates the transferability 

of So2Sat using the proposed MSCNN and the sampled data. Also, the 

transferability of the proposed models and the LCZ samples created using the 

proposed sampling methodology are discussed using a “city-wise” 

comparison by showing LCZ maps and confusion matrices for each test city.  

 

5.1. Model Performance for LCZ Classification 

 

The first experiment investigated the training and validation 

classification OA of the proposed and benchmark models using input data 

from all six cities. The experiment was repeated for 10 iterations to examine 

the robustness of the models, and the maximum OA value for each iteration 

was averaged and shown in Figure 20. The highest OA values are highlighted 

in bold text. The detailed OA and loss results are provided in Table 10 with 

error values calculated as one standard deviation (σ). The highest OA and 

lowest loss values are emphasized in bold text. 
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Figure 20. Classification OA of proposed and benchmark models using data 

from all six cities for the input training dataset. 

 

Table 10. Classification results based on the graph shown in Figure 20.  

Model 
Train  

OA (σ) 

Train  

Loss 

Validation  

OA (σ) 

Validation 

Loss 

CNN1 
80.93% 

(±0.29%) 
0.60% 

81.95% 

(±0.39%) 
0.55% 

LCZNet2 
84.65% 

(±0.79%) 
0.48% 

84.76% 

(±0.76%) 
0.47% 

MSCNN 
86.79% 

(±0.17%) 
0.40% 

87.26% 

(±0.22%) 
0.38% 

MS-ResNet 
88.43% 

(±0.38%) 
1.87% 

88.50% 

(±0.47%) 
1.86% 

MS-CBAM 
88.59% 

(±0.20%) 
0.35% 

88.70% 

(±0.26%) 
0.34% 

1 
4-layer fully-connected CNN inspired by VGGNet used in previous studies (Yoo et al., 2019; 

Rosentreter et al., 2020; Yoo et al., 2020). 
2 LCZNet proposed in Liu & Shi (2020) uses the inception module with SE block and residual 

learning. 

 

The three proposed models recorded superior OA results over the 

benchmark models. MS-CBAM yielded the highest OA of 88.59% and 88.70%  

for training and validation datasets, respectively. MS-ResNet returned 
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similarly high OA, but suffered greater losses, suggesting the need to optimize 

model efficiency and reduce the number of non-trainable parameters shown 

in Table 5. In comparison to MS-CBAM, train and validation OA of MSCNN 

were lower by approximately 1.8% and 1.4%, respectively. Nevertheless, the 

proposed models produced reasonably high classification OA, surpassing the 

recommended standard of 85% accuracy (Foody, 2002).  

The poor accuracy results from LCZNet were highly related to the small 

patch size used in this thesis. In its original study, LCZNet demonstrated 

optimal performance when using 48 by 48-pixel patches (Liu & Shi, 2020). 

Hence, the multiple SE blocks in the LCZNet model may not have been able 

to fully exploit the image’s spatial and spectral information. 

Also, CNN generated the lowest OA results and exhibited the greatest 

gap between train and validation OA (1.02%). These OA results are much 

lower in comparison to those of the original study, in which CNN revealed 

higher OA values of up to 87.7% (minimum 83.5%), despite using the same 

input patch size of 32 by 32 pixels (Rosentreter et al., 2020). The main 

difference between the original study and this thesis is that the former omitted 

LCZ 3, 7, and C to classify a total of 14 classes, whereas this thesis used all 

17 classes. The elimination of certain LCZ classes is noteworthy because 

specific cities may be characterized by different compositions of landscape 

features. For instance, numerous studies echoed the scarcity of LCZ 7 in test 

sites and removed the class from the classification process to avoid biased 

results. The CNN’s results in this thesis nonetheless agree with those of 

another original study (Yoo et al., 2019), which used Landsat 8 patches of 30 

by 30 (resampled to 10 m spatial resolution). This particular study yielded a 

wide range in OA between 79.80% to 90.85%, showing that the thesis results 

correspond to the lower bounds of this accuracy range (Yoo et al., 2019). 
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5.2. Effect of Integrating Ancillary Data 

 

Existing geospatial data can be integrated into the input dataset to 

improve LCZ classification accuracy. This experiment assessed the influence 

of adding OSM, DSM, and NLCM as individual ancillary data layers for the 

benchmark and proposed models. The experiment was performed similarly to 

the first experiment in Section 5.1 and was repeated for 10 iterations. The 

results of the experiment are illustrated in Figure 21 and the values with the 

highest OA are emphasized in bold-text. Detailed OA results are presented 

with one σ in Table 11 where the highest OA value and lowest loss value are 

emphasized in bold-text. 

 

 

Figure 21. Comparison of the effect of integrating ancillary data on 

classification OA using proposed and benchmark models.  
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Table 11. Classification results based on the graph shown in Figure 21. 

Model 
Sentinel-2 

(σ) 

OSM 

(σ) 

DSM 

(σ) 

NLCM 

(σ) 

CNN1 
80.93% 

(±0.29%) 

80.46% 

(±0.22%) 

81.78% 

(±0.74%) 

78.44% 

(±1.16%) 

LCZNet2 
84.65% 

(±0.79%) 

84.55% 

(±0.42%) 

84.28% 

(±0.35%) 

82.86% 

(±0.63%) 

MSCNN 
86.79% 

(±0.17%) 

86.79% 

(±0.17%) 

87.48% 

(±0.09%) 

86.03% 

(±0.25%) 

MS-ResNet 
88.43% 

(±0.38%) 

88.46% 

(±0.17%) 

88.54% 

(±0.54%) 

87.63% 

(±0.28%) 

MS-CBAM 
88.59% 

(±0.20%) 

88.98% 

(±0.28%) 

89.27% 

(±0.21%) 

88.54% 

(±0.27%) 
14-layer fully-connected CNN inspired by VGGNet used in previous studies (Yoo et al., 2019; 

Rosentreter et al., 2020; Yoo et al., 2020). 
2 LCZNet proposed in Liu & Shi (2020) uses residual blocks, SE blocks, and the inception 

module. 

* The “Sentinel-2” column is identical to the train OA results from Table 10 and are provided 

for reference. 

 

In descending order, DSM, OSM, and NLCM were the most effective 

additions for enhancing OA. Excluding LCZNet, the inclusion of height 

information via the AW3D30 improved OA over the initial Sentinel-2 10-

band input dataset. Also, the impact of the DSM layer was more pronounced 

when applied to CNN (0.85% increase) as opposed to the proposed models 

(MS-ResNet: 0.11%; MS-CBAM: 0.68%). This observed trend alludes to the 

significance of height information on LCZ classification, particularly to 

resolve the ambiguous intra-class division between built-up LCZ classes such 

as LCZ 1 to 3 and LCZ 4 to 6. Given that AW3D30’s spatial resolution is only 

30 m, finer DSMs with more building detail can be considered to further 

enhance accuracy. For instance, national-scale DSM products curated by 

National Geographic Information Institute are disseminated at a spatial 

resolution of 5 m. Custom-made DSM products using drone platforms, 

LiDAR sensors, and high-resolution SAR images are also applicable but may 

be restricted to scene extent and accessibility. 

The influence of the OSM layer was generally marginal. Only the 
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proposed MS-ResNet and MS-CBAM models experienced an increase in OA. 

The use of OSM was expected to improve classification of the built-up LCZ 

classes; however, negligible influence on OA is not surprising since many 

studies found that OSM may not be particularly significant for augmenting 

classification accuracy (Qiu et al., 2018b; Demuzere et al., 2019b; Zhang et 

al., 2019a). The insignificance of OSM data can be explained by the 

implementation strategy, or lack thereof, and the data’s characteristics in this 

thesis. First, OSM building footprint data were clustered into a single LCZ 

class without any further categorization. A more sophisticated and integrative 

implementation strategy may be required to incorporate the multiple OSM 

classes in a more meaningful manner (Fonte et al., 2019). Second, OSM data 

is crowdsourced and may lack updates in certain areas, especially in recently 

constructed or highly variable areas. Future applications using OSM should 

therefore consider preprocessing steps to resolve potential sparsity in the 

dataset. Aside from OSM, high-quality building information can also be 

integrated to help improve LCZ classification. Recent studies explored the 

generation of 50 m LCZ maps for highly dense cities such as Seoul and used 

the number of building stories as building height information (Yoo et al., 

2020). For this purpose, the MABP dataset used in this thesis as guidance data 

for LCZ sampling can also be considered in future tests, since the dataset is 

available for all major Korean cities and includes essential high-quality 

information such as building area, building height, and the number of floors.  

The addition of NLCM revealed adverse effects on OA across all models. 

The negative impact on OA can be linked to the dataset’s different acquisition 

times and the increased complexity for classification. First, the level-2 NLCM 

was created in 2019, while the Sentinel-2 images used for sampling in this 

thesis were obtained from 2017 and 2018. This temporal difference may not 

have accounted for critical changes in the landscapes, such as construction, 

paving, and new developments. Second, the allocation of NLCM classes to 
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LCZ classes may have increased the complexity of the input dataset. This 

problem would exacerbate if the NLCM classes are fundamentally different 

from the LCZ classes. Consequently, the integration of NLCM also requires 

a more refined implementation strategy with empirically supported 

measurements to compare and connect NLCM with LCZ. Future studies can 

use the level-3 NLCM, which provides 41 classes at a map scale of 1:5000. 

The finer resolution and class divisions offer more options to aggregate and 

implement the NLCM classes into input datasets for LCZ classification.  

The consensus garnered from recent deep learning-based LCZ 

classification studies indicates that the addition of ancillary data layers may 

not be particularly impactful for enhancing LCZ classification (Qiu et al., 

2018a; Qiu et al., 2018b; Qiu et al., 2019a).  Further research on identifying 

key influential data sources to enhance LCZ classification is therefore 

required, especially for different deep learning strategies. Defining optimal 

combinations of these data layers and judicious implementation strategies 

based on empirical evidence are needed.  
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5.3. Effect of Model Depth and the Multi-Scale Layer 

(1) Effect of Model Depth and the MS layer for MSCNN 

While deeper models can extract more abstract information from the 

output feature maps, a greater number of layers does not always correlate to 

better performance. This experiment thus investigates the effect of varying 

the number of convolutional layers in the CNN and MSCNN model. 

Moreover, the influence of the MS layer is analyzed with respect to the three 

proposed models. The effect of varied layer depths is displayed in Figure 22 

and numerical results are provided in Table 12. Statistical significance is also 

investigated for these comparisons by using paired t-tests using a 5% 

significance interval. All noted p-values are one-tailed results. 

The results reveal that the model layer depth is directly proportional to 

the OA for CNN and MSCNN models. This trend is evident across all 

ancillary data layer scenarios. For MSCNN, the increase in OA tends to 

plateau between four to five layers. In addition, shallow CNN models 

demonstrate moderate OA results that are almost comparable even with 

accuracies from conventional RF methods via WUDAPT. 

 

Figure 22. Evaluation of varying layer depth for CNN and MSCNN. 
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Table 12. Comparison of OA using varied layer depths in the CNN and 

MSCNN models for multiple input data scenarios. 

Model (Layers) 
Sentinel-2 

(σ) 

OSM 

(σ) 

DSM 

(σ) 

NLCM 

(σ) 

CNN3 
79.56% 

(±0.16%) 

78.44% 

(±0.30%) 

80.30% 

(±0.72%) 

76.28% 

(±1.10%) 

MSCNN3 
85.57% 

(±0.15%) 

85.50% 

(±0.11%) 

86.37% 

(±0.12%) 

84.72% 

(±0.31%) 

p-value <0.001 

CNN41 
80.93% 

(±0.29%) 

80.46% 

(±0.22%) 

81.78% 

(±0.74%) 

78.44% 

(±1.16%) 

MSCNN42 
86.79% 

(±0.17%) 

86.79% 

(±0.17%) 

87.48% 

(±0.09%) 

86.03% 

(±0.25%) 

p-value <0.001 

CNN5 
82.43% 

(±0.23%) 

81.92% 

(±0.27%) 

83.05% 

(±0.45%) 

80.00% 

(±0.74%) 

MSCNN5 
87.33% 

(±0.10%) 

87.33% 

(±0.10%) 

87.82% 

(±0.09%) 

86.49% 

(±0.14%) 

p-value <0.001 
1 

Benchmarked CNN model in previous studies (Yoo et al., 2019; Rosentreter et al., 2020). 
2 Proposed MSCNN model using four CNN layers. 

 

The difference in OA between CNN and MSCNN for matching layer 

depths (ie. CNN3 – MSCNN3) are 6.01%, 5.86%, and 4.90% from three to 

five layers. Other scenarios also reveal similar increases in accuracy when 

incorporating the MS model. Further, the lowest-performing MSCNN depth 

(MSCNN3) is greater than the highest-performing CNN (CNN5) by 3.14% in 

OA when using only Sentinel-2 bands. All comparisons of the different layer 

depths were found to be statistically significant as evidenced by the 

sufficiently low p-values. These results, therefore, accentuate the importance 

of the MS layer in the proposed MSCNN. 

 

(2) Effect of the MS Layer for MS-ResNet 

The impact of the MS layer was also assessed for MS-ResNet. MS-

ResNet is compared with ResNet4 which consists of four ResBlock layers 
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without the MS layer, similar to the structure used in (Qiu et al., 2018b). The 

results were computed for ten iterations and are illustrated in Figure 23 and 

organized as numerical values in Table 13. Given the substantially larger 

model architecture, the difference in OA between MS-ResNet and ResNet4 

was markedly smaller in contrast to that of MSCNN and CNN. The inclusion 

of the MS layer recorded statistically significant increases in OA of 0.39% 

and 0.27% for the OSM and NLCM cases, respectively. The DSM scenario 

returned higher OA for the ResNet4 model (without the MS layer), but this 

comparison was determined to be statistically insignificant because the p-

value exceeded the 5% significance level. Similarly, the original 10-band 

input was also found to be statistically insignificant, implying that the MS 

layer may not have been particularly instrumental for these two cases. 

Because the p-value is not a direct indicator of factor influence, additional 

tests and fine-tuning of models are required to reliably assess the potential of 

the models and input data scenarios. 

 

 

Figure 23. Comparison of MS-ResNet with 4-ResBlock layers. 

8
8

.2
6

%

8
8

.0
7

% 8
8

.7
2

%

8
7

.3
6

%

8
8

.4
3

%

8
8

.4
6

% 8
8

.5
4

%

8
7

.6
3

%

87%

88%

89%

90%

Sentinel-2 OSM DSM NLCM

O
A

 (
%

)

Scenario

ResNet4 MS-ResNet



 

 66 

Table 13. Influence of the MS layer in MS-ResNet on OA. 

Model 
Sentinel-2 

(σ) 

OSM 

(σ) 

DSM 

(σ) 

NLCM 

(σ) 

ResNet4 
88.26% 

(±0.16%) 

88.07% 

(±0.27%) 

88.72% 

(±0.13%) 

87.36% 

(±0.14%) 

MS-ResNet 
88.43% 

(±0.38%) 

88.46% 

(±0.17%) 

88.54% 

(±0.54%) 

87.63% 

(±0.28%) 

p-value 0.12 <0.001 0.18 <0.001 

 

(3) Effect of the MS Layer for MS-CBAM 

The MS layer’s influence was also evaluated for MS-CBAM. The 

CBAM layer was placed after the MS layer and the final CBAM module 

before the FC layers were removed. The results were computed for ten 

iterations and are shown in Figure 24 and Table 14. Similar to MS-ResNet, 

the removal of the MS layer for MS-CBAM had a considerably smaller 

impact on OA. For MS-CBAM, all ancillary input data scenarios revealed a 

decrease in OA following the removal of the MS layer, but the Sentinel-2 

bands and DSM scenarios were discovered to be statistically insignificant, 

similar to the results for MS-ResNet. The increase in OA for OSM and NLCM 

scenarios of 0.61% and 1.01%, respectively, were determined to be 

statistically significant. One point of concern is the relatively high standard 

deviation values in the CNN-CBAM results, especially for the ancillary data 

scenarios. The high values occur due to the instability of the CNN-CBAM 

model after removing the MS-layer and CBAM modules. Nevertheless, the 

results are shown here reinforce that the MS-layer plays an important role in 

the proposed models.  
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Figure 24. Comparison of MS-CBAM with CNN-CBAM. 

Table 14. Influence of the MS layer in MS-CBAM on OA.  

Model 
Sentinel-2 

(σ) 

OSM 

(σ) 

DSM 

(σ) 

NLCM 

(σ) 

CNN-CBAM 
88.77% 

(±0.33%) 

88.37% 

(±0.78%) 

88.91% 

(±0.83%) 

87.54% 

(±0.73%) 

MS-CBAM 
88.59% 

(±0.20%) 

88.98% 

(±0.28%) 

89.27% 

(±0.21%) 

87.53% 

(±0.27%) 

p-value 0.08 0.02 0.11 0.002 
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5.4. Investigating Transferability  

5.4.1. Transfer Learning Using the So2Sat Dataset 

While the proposed framework concentrates on producing high-quality 

LCZ sample data and classification results for Korean cities, the application 

of the training data and models in the proposed LCZ framework for global 

cities may be questioned. In this section, the So2Sat dataset is integrated via 

standard transfer learning protocol to assess the feasibility of implementing 

global LCZ data with the data generated from the proposed sampling 

methodology. The classification results are plotted per LCZ class in Figure 25 

and for each city in Table 15. 

 

 

Figure 25. Classification accuracy of transfer learning So2Sat with deep 

CNN and MSCNN models. 
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Table 15. Classification results for each test city from transfer learning So2Sat.  

City Busan Daegu Daejeon Gwangju Incheon Seoul 

OA (%) 62.66% 64.90% 62.28% 61.76% 60.95% 65.18% 

 

Transfer learning of the global So2Sat dataset returned much lower OA 

results (average OA of 62.96%) when fine-tuned to the Korean cities. This 

result is considerably lower in contrast to the results from MSCNN which 

uses high-quality sample data produced through this thesis’ framework. 

Although the So2Sat dataset is integral for large-scale training of deep 

learning models, the poor accuracy results indicate a fundamental discrepancy 

in the input datasets and the labeled classes. Such differences can be the result 

of the operator’s interpretations of the LCZ classification scheme (Bechtel et 

al., 2017), but are also subject to seasonal variations and characteristic 

differences in feature types and species. For instance, the transfer learning 

approach using So2Sat was virtually ineffective for classifying LCZ 10 

(Heavy Industry), LCZ C (Bush, Scrub), and LCZ E (Bare Rock/Paved). 

Hence, sampling and classification without using transfer learning of large 

datasets may be more effective, unless more sophisticated domain adaptation 

methods can be implemented. The sampled framework and classification 

models proposed in this thesis can therefore be used to produce high-quality 

samples and highly accurate LCZ maps. Since the LCZ classification scheme 

should ideally be culturally-neutral, future research must be devoted to 

overcoming these intrinsic differences in the LCZ class labels, such as by 

employing spatiotemporal information via recurrent CNN structures with 

LSTM (Qiu et al., 2019b). 

 

5.4.2. City-wise LCZ Classification 

Since the first three experiments used data from all six cities, a “leave-

one-out” cross-validation was conducted to assess potential overfitting or bias. 
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The highest recorded OA from the training epochs was selected and the city-

wise comparison results are presented in Figure 26 and Table 16. The highest 

OA of each city is highlighted in bold text. Also, the cities which recorded the 

lowest and highest OA are marked with an asterisk and a dagger, respectively. 

The experiment’s results revealed that MS-CBAM outperformed all 

other models reaching an average OA of 88.48%, followed by MS-ResNet, 

MSCNN, LCZNet, and CNN in descending order of OA. The average OA of 

MS-ResNet and MS-CBAM were found to be around 8% greater than that of 

CNN, showing the superiority of the proposed models. The average accuracy 

results are also relatively similar to the train OA results in Table 10. When 

comparing the difference between the city-wise average OA and train OA (Δ), 

however, only MS-CBAM and MSCNN comply within the error boundaries 

(one σ) computed in Table 10, while CNN (Δ = -0.46%; σ = 0.29%), LCZNet 

(Δ = -0.81%; σ = 0.79), and MS-ResNet (Δ = -0.41%; σ = 0.38%) exceed one 

σ. This discrepancy can be explained by the use of regularization methods 

such as dropout and the smaller input dataset size. 

  

Figure 26. City-wise comparison of OA using the two benchmark and three 

proposed models. 
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Table 16. City-wise comparison of OA. 

City CNN LCZNet MSCNN MS-ResNet MS-CBAM 

Busan 79.81% 82.60%† 85.99% 87.90% 88.57% 

Daegu 80.52% 83.48% 86.83% 87.89% 88.81% 

Daejeon 79.67% 83.48% 86.00% 87.31% 87.63% 

Gwangju 79.30%† 82.84% 85.13%† 86.67%† 86.81%† 

Incheon 79.85% 83.94% 86.66% 87.82% 88.47% 

Seoul 83.69%* 86.68%* 89.67%* 90.55%* 90.57%* 

Average 80.47% 83.84% 86.71% 88.02% 88.48% 

(†) Lowest OA value from each model and (*) Highest OA value from each model. 

 

The proposed models can characterize mixed classes more effectively. 

Moreover, the built-up and natural OA results based on all 17 LCZs are shown 

in Table 17. The proposed models outperformed the benchmark models for 

both metrics, while the use of residual learning and CBAM helped to further 

heighten accuracy. In particular, MS-ResNet produced higher built-up OA, 

whereas MS-CBAM yielded higher natural OA.  

 

Table 17. City-wise comparison of built-up (BU) and natural (N) OA. 

City OA CNN LCZNet MSCNN 
MS-

ResNet 

MS-

CBAM 

Busan 
BU 48.66% 57.11% 63.02% 69.27% 67.69% 

N 80.60% 85.99% 87.62% 90.42% 91.48% 

Daegu 
BU 49.69% 57.89% 65.77% 69.79% 68.10% 

N 85.28% 86.36% 89.72% 89.88% 90.69% 

Daejeon 
BU 50.22% 59.00% 63.85% 67.03% 68.36% 

N 83.30% 86.91% 88.63% 89.43% 91.06% 

Gwangju 
BU 50.99% 60.52% 63.51% 69.95% 68.98% 

N 81.75% 87.36% 88.80% 90.09% 90.30% 

Incheon 
BU 50.51% 63.03% 63.56% 71.13% 70.72% 

N 84.17% 86.57% 88.03% 90.06% 91.16% 

Seoul 
BU 49.21% 57.21% 59.22% 61.24% 62.52% 

N 85.61% 90.94% 91.79% 93.31% 91.52% 

Average 
(17 LCZ) 

BU 49.88% 59.13% 63.16% 68.07% 67.73% 

N 83.45% 87.36% 89.10% 90.53% 91.04% 
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Further, to address potential bias in the classification results, Table 18. 

displays city-wise comparison results of eight built-up LCZs by omitting LCZ 

1 and 7 samples due to their relatively low proportions. The elimination of 

LCZ classes that are scarce or typically difficult to sample has been shown in 

previous studies (Yoo et al., 2019; Rosentreter et al., 2020). By removing the 

two classes, the built-up OA increases significantly for all models, indicating 

that including scarce classes underestimates the full potential of the 

classification models. Moreover, the difference in built-up OA between MS-

ResNet and MS-CBAM is smaller (0.05%) using 15 LCZ classes, compared 

to that of the full set (0.34%), thus implying that the gap in performance 

between the two models is slim. MS-CBAM remains superior in natural OA, 

and considering the small margin in built-up OA, can be considered to 

outperform all other models. In summary, the proposed models proved to be 

vastly more superior to the benchmark models as shown by the higher OA, 

built-up OA, and natural OA. Concretely, these results show that the proposed 

models are more effective at classifying heterogeneous and complex areas 

more accurately.  

 

Table 18. City-wise comparison of built-up (BU) without LCZ 1 and 7 classes. 

City CNN LCZNet MSCNN 
MS-

ResNet 

MS-

CBAM 

Busan 56.55% 59.25% 69.09% 71.27% 70.27% 

Daegu 57.19% 64.03% 68.69% 72.16% 71.02% 

Daejeon 58.45% 63.33% 70.11% 68.92% 70.09% 

Gwangju 59.14% 62.64% 69.01% 71.39% 72.43% 

Incheon 58.95% 66.78% 68.42% 73.62% 72.90% 

Seoul 61.09% 71.40% 72.36% 75.72% 76.06% 

Average 
(8 BU LCZ) 

58.56% 64.57% 69.61% 72.18% 72.13% 

 

In addition, the city-wise comparison was extended for varying model 

layer depths in CNN and MSCNN. Classification results plotted in Figure 27 



 

 73 

confirm the superiority of deeper CNN models. As noted in Section 5.3, the 

“leap” between CNN5 and MSCNN3 can also be seen for each city, 

reinforcing the importance of the MS layer for improving OA.  

 

 

Figure 27. Comparison of OA for each city for increasing model layer depth 

using CNN and MSCNN. 

Comparing OA results by city, Seoul returned the highest OA for all 

benchmark and proposed models in conjunction with the models of various 

depths in Figure 27. In contrast, Gwangju recorded the lowest OA in most 

cases, except for LCZNet (which exhibited a marginal difference in OA with 

the second-highest city of 0.24%). The high OA for Seoul is partly because 

the models were not able to classify LCZ 7, due to the low proportion of 

training samples. The incongruous classification results can be attributed to 

the different urban compositions of each city but are more likely due to the 

sampling distributions provided in Figure 17. Since Seoul contains the 

majority of LCZ 7 (as well as LCZ 1) and because the city-wise comparison 

uses input datasets by removing sample data, the classification results may 

have led to biased results. One solution for future researches is to use different 
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cross-validation methods like in (Qiu et al., 2018a), in which the training and 

test datasets consist of randomly selected data from different cities. Semi-

supervised approaches may also be considered to augment the amount of 

meaningful training data samples, but further research is needed to verify the 

high-quality standard needed to attain high OA results.  

Only the LCZ maps (level-0 data) and complementary confusion 

matrices from MS-CBAM are shown in Figures 28-33 based on the model’s 

superior classification accuracy, while the results from other models are 

provided in the Appendix with corresponding confusion matrices and F1-

scores. The LCZ maps are shown are produced as 501 by 501-pixel outputs 

(100 m spatial resolution) with map extents that are identical to those labeled 

in the Sentinel-2 image previews in Figure 18. Each city showed recurring 

trends of intra-class confusion, similar to Zhu et al. (2020). In general, built-

up classes suffered more from this ambiguity. Based on the confusion 

matrices for each test city, common intra-class confusions are summarized in 

Table 19. Table cells are highlighted if the intra-class confusion occurs more 

than three out of six times (half of the number of test cities). 

 

Table 19. Common intra-class confusion for built-up LCZ classes. 

LCZ 
Reference 

1 2 3 4 5 6 7 8 9 10 

P
re

d
ic

te
d

 

1 -          

2  -         

3   -        

4    -       

5     -      

6      -     

7       -    

8        -   

9         -  

10          - 
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The main intra-class confusion occurred for LCZ 1-6 and 10, as expected 

due to the relatively low built-up OA across all test cities. A glimpse at the 

confusion matrices also shows that the majority of misclassification occurs in 

this area. More specifically, models tended to confuse LCZ 1 with 2, LCZ 2 

with LCZs 1 or 3, and LCZ 3 with 2. These observations indicate the difficulty 

of learning and representing the height differences for densely compact areas. 

This confusion was also prevalent for the open-rise LCZ classes such as LCZ 

4 with 5, LCZ 5 with 4, and LCZ 6 with 3 and 9. In particular, the confusion 

between LCZ 6 (low open-rise) and 9 (sparsely built) suggests that the 

definition of “open-space” requires more quantitatively strict standards to 

differentiate the two classes. Interestingly, the opposite case – misclassifying 

LCZ 9 with LCZ 3 or 6 – is generally not as significant. LCZ 10 (heavy 

industry) was commonly mistaken for LCZ 8 (large low-rise), considering 

that heavy industrial buildings (LCZ 10) are built to be large and wide 

horizontally, similar to the features inherent in LCZ 8. Also, certain cities 

revealed fascinating misclassification cases. For instance, Gwangju and Seoul 

suffered from confusion between LCZ E (bare rock/paved) and F (bare 

soil/sand). This result can be attributed to the progress on construction sites. 

Many cities also misclassified LCZ E as built-up LCZs, supporting the need 

to filter construction sites and completed building features.  

The intra-class confusions are similar to the limitations from many 

related studies (Qiu et al., 2018b; Yoo et al., 2019; Liu & Shi, 2020; 

Rosentreter et al., 2020). One solution addressed in this thesis is the addition 

of ancillary building information using the AW30DSM or the recommended 

MABP (used as a guide for sampling) to improve the classification of built-

up OA. Further research studies can leverage these data sources and 

investigate the direct improvements on these intra-class confusions. Moreover, 

very high resolution images from satellites, airborne platforms, or drones can 

also be used to extract high-resolution building information.  
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Figure 28. LCZ map and confusion matrix using MS-CBAM for Busan 

(2018/04/25). 
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Figure 29. LCZ map and confusion matrix using MS-CBAM for Daegu 

(2017/04/30). 
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Figure 30. LCZ map and confusion matrix using MS-CBAM for Daejeon 

(2018/05/23). 
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Figure 31. LCZ map and confusion matrix using MS-CBAM for Gwangju 

(2018/05/23). 
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Figure 32. LCZ map and confusion matrix using MS-CBAM for Incheon 

(2018/05/28) 
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Figure 33. LCZ map and confusion matrix using MS-CBAM for Seoul 

(2017/05/03). 
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The classification results and LCZ maps also emphasize the 

improvement in representing heterogeneous and complex landscapes. The 

following close-up images are labeled as: A: CNN, B: MSCNN, C: LCZNet, 

D: MS-ResNet, E: MS-CBAM, F: Sentinel-2 image. First, the highly-dense 

Gangnam-gu and districts north of the Han River in Seoul are shown in Figure 

34. The proposed models and LCZNet extracted the compact high-rise 

features in Gangnam. LCZNet features are relatively smoother, particularly 

near the edges of land cover.  

 

 

Figure 34. Close-up view of Gangnam and Gangbuk in Seoul. 

While the fine-grained results could be interpreted as noise, the detail is 

noticeable when classifying large features. For example, Figure 35 displays 

the Gimpo airport in Seoul by the black-colored LCZ E (bare rock/paved). 

CNN struggled to delineate the edges while LCZNet overestimated the result 

as shown by the clustered groups of pixels. MS-ResNet extracted the airport’s 

features most effectively, while MSCNN and MS-CBAM were hampered by 

noisy pixels and sparsely located edges. 
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Figure 35. Close-up view of Gimpo airport in Seoul. 

Also, LCZNet and the proposed model can characterize the paved 

surfaces of the ports and piers in Busan in Figure 36. Although large 

containers and vehicles occupy many of the surfaces, LCZNet and the 

proposed models were able to classify them as LCZ E (bare rock/paved). 

 

 

Figure 36. Close-up view of ports near Nam-gu, Busan. 
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Lastly, the evaluated models had variable results when classifying an 

unknown feature. For instance, the models generated dissimilar results when 

classifying the tidal flats located near Incheon international airport shown in 

Figure 37. The original LCZ labels in the input training dataset were set to 

LCZ G (water) since tidal flats or wetlands are not included in the LCZ 

scheme. CNN classified this region as LCZ E (bare rock/paved) and LCZ F 

(bare soil/sand). LCZNet classified the majority of the tidal flats, including 

those found south of the airport, as LCZ E. Conversely, MSCNN classified 

the tidal flats as LCZ 3 (compact low-rise). MS-ResNet classified most of the 

tidal waves as LCZ E, but LCZ F was slightly included. Lastly, MS-CBAM 

classified most of this region as LCZ F with a small section as LCZ 3.  

These results demonstrate that LCZNet was most successful at 

classifying the unknown class consistently. MSCNN and MS-CBAM’s 

classification as LCZ 3 was likely due to the similar reflectance 

characteristics of tidal flats with low-rise, urban surfaces. Since the reference 

LCZ class label for the tidal flat regions was LCZ G, LCZNet and MSCNN 

results may be considered as overestimations. From this perspective of 

accuracy assessment, CNN, MS-ResNet, and MS-CBAM can be considered 

to have generated the most accurate representations. Aside from tidal flats, 

the proposed models, namely MSCNN and MS-CBAM, were able to 

characterize the fine detail of the airport. MS-ResNet tended to overestimate 

this region. From these results, future LCZ classification works should 

consider creating new sub-classes for unknown features such as tidal flats 

since these regions can be characterized by multiple classes such as LCZ E, 

F, and G. Also, the LULC maps can be integrated to help identify these classes 

since these maps such as NLCM already contain wetland classes. For further 

comparison, readers are directed to the Appendix which shows the full extent 

of the classification maps for all test cities. 
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Figure 37. Close-up view of Incheon international airport and nearby tidal 

flats. 

 

  



 

 86 

6. Conclusion 

 

This thesis presented a deep learning-based LCZ classification 

framework comprised of a sampling methodology using multiple elements 

from the WUDAPT protocol and the rigorous labeling workflow for the 

creation of So2Sat, and multi-scale classification models to manipulate local 

information to represent the highly heterogeneous and complex areas in 

modern cities at higher levels of classification accuracy. Revisiting the thesis 

objectives: (1) High-quality LCZ training samples were developed for six 

major cities in Korea; (2) Three deep learning-based models were developed 

and determined to be superior over models from recent, related studies; (3) 

The performance of the proposed models was explored using four main 

experiments, tested the effect of the MS layer, model depth, and ancillary data. 

 

6.1. Re-evaluating the Thesis Objectives 

(1) Objective 1 (Proposed Sampling Methodology) 

First, the proposed sampling methodology combined essential elements 

from previous works into three phases (Learning, Labeling, Validation) and 

introduced the “point-to-patch” labeling approach to extract patch data for 

scene classification. During sampling, the use of building information and 

vegetation cover in concert with Google satellite and GSV data can help guide 

the user to generate high-quality LCZ training samples. LCZ training data for 

six major cities in Korea were acquired. A detailed, step-by-step methodology 

and logical workflow are provided for future users. Furthermore, since the 

thesis only used open-source data, users can replicate the conducted tests to 

verify model performance. Using the proposed methodology, future works 

can expect to continue compiling high-quality training samples which will 

form a key foundation for large-scale LCZ mapping in Korea.  
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(2) Objective 2 (Proposed Models) 

Second, the thesis proposed three models that use the multi-scale layer to 

exploit local information for more accurate representations of heterogeneous 

and complex layers. To elaborate, filters of multiple sizes are combined to 

extract feature map outputs at different resolutions, thereby enabling the 

models to learn the multi-scale information from the input image. Also, this 

thesis is the first study to combine recent studies on deep learning-based LCZ 

classification into one comprehensive and exhaustive review. Based on the 

findings from this review, the two deeper and more sophisticated model 

variations incorporated residual learning to create a deeper model (MS-

ResNet) and the CBAM block to develop a model capable of exploiting 

channel and spatial attention mechanisms (MS-CBAM). 

 

(3) Objective 3 (Investigation of Data and Model Performance) 

To highlight model performance, this thesis conducted four main 

experiments to assess the performance of the proposed framework’s models. 

The proposed models (MSCNN, MS-ResNet, MS-CBAM) are compared 

with state-of-the-art models from recent studies (CNN, LCZNet) to evaluate 

classification accuracy and qualitative output. The first experiment 

investigated model performance using the entire input dataset. MS-CBAM 

returned the highest OA (88.59%±0.20%), followed by the two other 

proposed models, MS-ResNet (88.43±0.38%) and MSCNN (86.79%±0.17%).  

The second experiment explored the effects of including AW30DSM 

height information, OSM building footprint data, and level-2 NLCM data to 

help enhance classification accuracy. Only DSM helped improve OA to a 

statistically significant extent. Again, MS-CBAM was found to outperform 

all other models, recording OA of up to 89.27±0.21% when using the DSM 

layer. The addition of OSM was found to be near-negligible, while the NLCM 
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adversely affected the OA results across all models.  

The third experiment compared different depth layers between CNN and 

MSCNN. Results revealed that deeper models increased OA and were 

confirmed to be statistically significant. Furthermore, the MS layer was 

determined to be particularly important, as evidenced by steady increases in 

OA when comparing CNN and MSCNN across all layers. The effect of the 

MS layer was also compared for MS-ResNet and MS-CBAM. Unlike the 

clear increases in OA for CNN and MSCNN, the influence of the MS layer 

was more variable for the two model variations.   

The fourth and last experiment studied the transferability of the models 

and the sampled data. The So2Sat dataset was fine-tuned via transfer learning 

to the input dataset but returned poor OA (OA range: 60.95% to 65.18%) 

which signified intrinsic differences in the LCZ labels of different datasets. 

Effective transfer learning of global datasets still requires more sophisticated 

algorithms for domain adaptation. Instead of relying on global datasets for 

deep learning-based LCZ classification, this thesis advocated for the use of 

the proposed LCZ classification framework to create LCZ data anew for the 

given region of interest. In other words, creating high-quality LCZ samples 

will help produce more accurate and reliable LCZ classification data. City-

wise comparisons of OA were investigated for the five evaluated models 

using a “leave-one-out” cross-validation approach to test for potential bias or 

overfitting. Similar to the previous experiments, MS-CBAM generated 

superior OA results for all cities. However, a closer look at the results using 

built-up and natural OA revealed that MS-ResNet produced higher accuracy 

for the built-up LCZs, while MS-CBAM held the advantage for the natural 

LCZs. 

This trend was apparent even after eliminating scarce LCZ classes (1 and 

7) which seemed to underestimate the models’ performances. Nevertheless, 

all three of the proposed models outperformed the benchmark models from 
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recent studies. To reinforce this result, the city-wise comparison was extended 

for the varying layer depths of CNN and MSCNN (similar to the third 

experiment) to see the models’ performances across different cities and layer 

depths. As expected, MS-CBAM was the most effective, followed by MS-

ResNet and MSCNN. A detailed inspection of individual LCZ classes via 

confusion matrices displayed sources of intra-class confusion. The built-up 

classes particularly suffered from this ambiguity, which was reflected in the 

low built-up OA results; however, the confusion between built-up LCZ has 

been well-documented in numerous related studies. The thesis also argues that 

the proposed models can be used effectively for more accurate representations 

of highly heterogeneous and complex landscapes. The generated LCZ maps 

were able to extract heterogeneous features and patterns from highly compact 

and dense regions, while the proposed methods were especially more 

effective in delineating large features such as airports. 

The results produced using the proposed framework carries implications 

on a higher level. While the scope of this study focuses on level-0 LCZ 

classification, LCZs can be used for the monitoring of the urban climate and 

to help achieve the vision set by the UN’s Sustainable Development Goals 

(SDG) for 2030. In particular, LCZs are suitable to help attain the targets set 

in SDG11 (Sustainable Cities and Communities) and SDG13 (Climate 

Action). Accurate and reliable LCZ maps can provide information on the 

extent of human settlements to target SDG 11 while serving as the basis for 

urban climate modeling and monitoring to address SDG 13 (Qiu et al., 2019a). 

Fortunately, the research community’s awareness of LCZ has expanded 

substantially over the past decade, as evidenced by the number and diversity 

of LCZ studies in addition to LCZ-related international workshops and 

conferences, global LCZ mapping initiatives, and LCZ classification data 

contests.   
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6.2. Limitations and Future Works 

 

The limitations of this thesis can be categorized for the proposed 

framework’s sampling methodology and models. Future works and potential 

advancements are also suggested in hopes of prompting more interest and 

research in this field.  

(1) Sampling Methodology 

A list of limitations and recommended future works are presented in 

Table 20. First, intra-class similarity for built-up LCZ classes (LCZ 1-3 and 

LCZ 3-6) proved difficult to differentiate, even with the guidance of high-

quality building information. This limitation is inevitable for all LCZ 

classification approaches using remotely-sensed imagery. To address this 

obstacle, ground-based observations using GSV (Xu et al., 2019) or LiDAR 

measurements can be used. Second, the proportion of scarce classes such as 

LCZ 1 and 7 in the input dataset were relatively very low and tended to 

engender underestimations in the results. However, this thesis used all 17 

classes to present a comprehensive classification of the original LCZ 

classification scheme. To overcome scarce LCZ classes, conducting more 

rigorous sampling is one option. Semi-supervised or meta-agnostic meta-

learning of multi-modal input data can help to improve sampling procedures 

(Rußwurm et al., 2020). Third, since LCZ classes are not mutually disjoint, 

certain features such as tidal flats and wetlands may not be represented by the 

classification scheme. New sub-classes may be required to properly 

characterize the features and their local regions. Fourth, the thesis did not 

consider temporal and seasonal variations in the LCZ samples; however, 

features such as crops, fields, and vegetation may change over time to reflect 

different spectral characteristics and morphology. The integration of LSTM 

and gated recurrent units in recurrent CNNs may be useful for time-series 
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analysis (Qiu et al., 2019a). Fifth, this thesis only used open-source data to 

increase the study’s accessibility. Instead, commercial products such as high 

spatial resolution DSMs and very high resolution satellite images can provide 

height information at a finer spatial resolution to further improve 

classification accuracy (Collins & Dronova, 2019; Simanjuntak et al., 2019). 

The use of very high-resolution satellite imagery and object-based image 

analysis may help to improve LCZ classification at finer scales. In the case of 

Korea, Korea Multi-Purpose Satellite (KOMPSAT) 3 and 3A satellites as well 

as the scheduled Compact Advanced Satellite 500-1 and 500-2 missions can 

be used. Lastly, this thesis was limited to only six test cities. Future works 

should include additional cities or regions such as Jeju island to assess the 

proposed framework for different landscapes. For national-scale mapping, 

Google Earth Engine can be used to obtain cloudless Sentinel-2 mosaics of 

South Korea. The proposed framework can then be applied to the mosaicked 

image. 

 

Table 20. List of limitations and future works on the proposed sampling 

methodology. 

# Sampling Methodology Future Works 

1 
Confusion for built-up 

LCZ (LCZ 1-10) 

Ground-based observations using GSV 

or LiDAR 

2 
Underestimation of 

scarce LCZ classes 

Rigorous sampling; Meta-agnostic meta-

learning (Rußwurm et al., 2020) 

3 
Certain features not 

representable by LCZs 

New sub-classes characterize features 

and local regions 

4 
Temporal and seasonal 

variations in features 

LSTM and gated recurrent units in 

recurrent CNNs (Qiu et al., 2019) 

5 
Only used open-source 

data and methods 

Commercial products (high spatial 

resolution DSMs and very high 

resolution satellite images) 

6 
Limited to only six test 

cities 

Additional cities/regions (eg. Jeju island) 

For national-scale, Google Earth Engine 

to create cloudless mosaics 



 

 92 

(2) Classification Models 

A list of limitations and recommended future works are presented in 

Table 21. First, the patch sizes were fixed to 32 by 32 pixels in this study in 

accordance with So2Sat and other related studies. While this size may be 

sufficient for highly dense and compact cities, recent studies have noted the 

importance of local information and the effectiveness of larger image 

representations (Liu & Shi, 2020). Second, the main experiments used input 

datasets that contained LCZ samples from all cities. Different cross-validation 

approaches and train-test dataset splits can be considered to further 

investigate the robustness of the data and models. Third, the output LCZ maps 

were produced at 100 m following the formal definition of the LCZ concept; 

however, a recent study claimed that outputting LCZ maps at even finer 

spatial resolutions (50 m) may be considered for highly dense regions (Yoo 

et al., 2020). As cities grow even denser and more heterogeneous, higher 

resolutions may be better suited to characterize the complexity and fine detail. 

Fourth, the output LCZ classification results appear grainy and pixelated. 

Simple majority filters can be used for post-processing. More sophisticated 

methods include Markov fields and conditional random fields to exploit 

neighboring information more effectively. Lastly, the proposed models only 

used simple concatenation of three differently-sized filters. Future studies 

should use more sophisticated architectures and setups to exploit the multi-

scale approach more effectively.  
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Table 21. List of limitations and future works related to the proposed LCZ 

classification models. 

# Classification Models Future Works 

1 
Fixed patch sizes of 

32 by 32 pixels  

Larger image representations (Liu & Shi, 

2020) 

2 

Input datasets which 

contained LCZ 

samples from all cities 

Different cross-validation approaches and 

train-test dataset splits (Demuzere et al., 

2019) 

3 
LCZ maps produced 

at 100 m 

Finer resolutions (50 m) for highly dense 

regions (Yoo et al., 2020) 

4 
Grainy and pixelated 

LCZ map results 

Majority filters, Markov fields, conditional 

random fields 

5 

Simple concatenation 

of three differently-

sized filters for MS 

layer 

Sophisticated architectures to exploit the 

multi-scale approach effectively 
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Appendix 

(1) Sampling Methodology 

 

 

Figure A1. 32 by 32 patches of each LCZ class using Sentinel-2 images. 
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(2) LCZ Training Samples 

 

Table A1. “Point” LCZ training samples per site in the input dataset which 

was used in the main experiments. 

LCZ Class Busan Daegu Daejeon Gwangju  Incheon Seoul Total 

1 
 

54 7 7 4 22 338 432 

2 
 

224 140 177 184 121 300 1,146 

3 
 

181 302 279 139 194 810 1,905 

4 
 

405 361 449 252 400 870 2,737 

5 
 

22 52 106 26 116 92 414 

6 
 

166 161 136 98 55 63 679 

7 
 

2 0 4 2 2 38 48 

8 
 

51 31 13 18 31 60 204 

9 
 

43 102 41 22 7 36 251 

10 
 

155 243 146 177 400 20 1,141 

A 
 

152 430 266 252 203 309 1,612 

B 
 

106 44 53 40 50 67 360 

C 
 

103 149 67 110 35 12 476 

D 
 

407 358 419 813 254 71 2,322 

E 
 

167 54 24 31 101 137 514 

F 
 

97 46 43 21 91 60 358 

G 
 

288 141 82 77 270 259 1,117 

Total 2,623 2,621 2,312 2,266 2,352 3,542 15,716 
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(a) CNN 

 
(b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM 

  

(f) Sentinel-2 image 

 

Figure A2. LCZ classification results for Seoul (2018/04/25). 
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(a) CNN (b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM 

  

Figure A3. Confusion matrices for Busan. 

 

 



 

 98 

 

 

Table A2. Detailed F1-score results for Busan. 

LCZ CNN LCZNet MSCNN 
MS- 

ResNet 

MS-

CBAM 

1 0.378 0.439 0.529 0.529 0.500 

2 0.572 0.594 0.672 0.668 0.673 

3 0.803 0.813 0.845 0.847 0.851 

4 0.878 0.888 0.917 0.925 0.921 

5 0.250 0.357 0.434 0.541 0.490 

6 0.738 0.795 0.776 0.805 0.807 

7 0.111 0.455 0.714 0.686 0.595 

8 0.377 0.479 0.624 0.682 0.677 

9 0.132 0.346 0.434 0.495 0.531 

10 0.875 0.908 0.920 0.932 0.934 

A 0.983 0.983 0.987 0.987 0.992 

B 0.866 0.896 0.908 0.938 0.915 

C 0.719 0.756 0.802 0.798 0.807 

D 0.942 0.973 0.978 0.981 0.981 

E 0.705 0.738 0.818 0.850 0.837 

F 0.769 0.786 0.844 0.804 0.850 

G 0.996 0.995 0.999 0.997 0.999 
 

 

Figure A4. F1-scores for Busan. 
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(a) CNN 

  
(b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM 
 

(f) Sentinel-2 image 

 

Figure A5. LCZ classification results for Daegu (2017/04/30). 
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(a) CNN 

 
(b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM 

  

Figure A6. Confusion matrices for Daegu. 

 

  



 

 101 

 

 

Table A3. Detailed F1-score results for Daegu. 

LCZ CNN LCZNet MSCNN 
MS- 

ResNet 

MS-

CBAM 

1 0.378 0.439 0.529 0.529 0.500 

2 0.572 0.594 0.672 0.668 0.673 

3 0.803 0.813 0.845 0.847 0.851 

4 0.878 0.888 0.917 0.925 0.921 

5 0.250 0.357 0.434 0.541 0.490 

6 0.738 0.795 0.776 0.805 0.807 

7 0.111 0.455 0.714 0.686 0.595 

8 0.377 0.479 0.624 0.682 0.677 

9 0.132 0.346 0.434 0.495 0.531 

10 0.875 0.908 0.920 0.932 0.934 

A 0.983 0.983 0.987 0.987 0.992 

B 0.866 0.896 0.908 0.938 0.915 

C 0.719 0.756 0.802 0.798 0.807 

D 0.942 0.973 0.978 0.981 0.981 

E 0.705 0.738 0.818 0.850 0.837 

F 0.769 0.786 0.844 0.804 0.850 

G 0.996 0.995 0.999 0.997 0.999 
 

 

Figure A7. F1-scores for Daegu. 
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(a) CNN 

  
(b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM 

 
(f) Sentinel-2 image 

 

Figure A8. LCZ classification results for Daejeon (2018/05/23).  
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(a) CNN 

 
(b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM 

  

Figure A9. Confusion matrices for Daejeon. 
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Table A4. Detailed F1-score results for Daejeon. 

LCZ CNN LCZNet MSCNN 
MS- 

ResNet 

MS-

CBAM 

1 0.407 0.505 0.518 0.537 0.553 

2 0.530 0.581 0.643 0.608 0.641 

3 0.799 0.824 0.838 0.846 0.847 

4 0.854 0.897 0.906 0.896 0.901 

5 0.127 0.376 0.459 0.370 0.466 

6 0.705 0.729 0.757 0.773 0.775 

7 0.000 0.556 0.514 0.630 0.766 

8 0.426 0.527 0.590 0.629 0.643 

9 0.385 0.403 0.568 0.580 0.588 

10 0.892 0.824 0.909 0.915 0.899 

A 0.969 0.974 0.982 0.983 0.986 

B 0.823 0.893 0.878 0.889 0.937 

C 0.743 0.720 0.843 0.865 0.871 

D 0.930 0.973 0.975 0.981 0.978 

E 0.728 0.777 0.821 0.840 0.822 

F 0.689 0.704 0.792 0.781 0.809 

G 0.992 0.990 0.995 0.991 0.997 
 

 

Figure A10. F1-scores for Daejeon. 
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(a) CNN 

 
(b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM 

 
(f) Sentinel-2 image 

 

Figure A11. LCZ classification results for Gwangju (2018/05/23). 
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(a) CNN 
 

(b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM 

  

Figure A12. Confusion matrices for Gwangju. 
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Table A5. Detailed F1-score results for Gwangju. 

LCZ CNN LCZNet MSCNN 
MS- 

ResNet 

MS-

CBAM 

1 0.454 0.530 0.465 0.551 0.553 

2 0.597 0.602 0.648 0.653 0.688 

3 0.821 0.825 0.849 0.853 0.856 

4 0.858 0.890 0.898 0.910 0.909 

5 0.150 0.327 0.450 0.490 0.503 

6 0.647 0.715 0.767 0.778 0.766 

7 0.000 0.611 0.600 0.821 0.750 

8 0.407 0.472 0.614 0.657 0.703 

9 0.400 0.375 0.516 0.512 0.593 

10 0.889 0.908 0.918 0.910 0.913 

A 0.975 0.982 0.989 0.991 0.989 

B 0.862 0.879 0.882 0.891 0.877 

C 0.703 0.821 0.805 0.817 0.819 

D 0.930 0.966 0.965 0.980 0.965 

E 0.680 0.765 0.806 0.857 0.826 

F 0.678 0.752 0.811 0.797 0.833 

G 0.990 0.991 0.997 0.995 0.995 
 

 

Figure A13. F1-scores for Gwangju. 
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(a) CNN 

 
(b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM (f) Sentinel-2 image 

 

Figure A14. LCZ classification results for Incheon (2018/05/28).  



 

 109 

 
(a) CNN 

 
(b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM 

  

Figure A15. Confusion matrices for Incheon. 
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Table A6. Detailed F1-score results for Incheon. 

LCZ CNN LCZNet MSCNN 
MS- 

ResNet 

MS-

CBAM 

1 0.405 0.498 0.537 0.528 0.566 

2 0.591 0.631 0.683 0.686 0.674 

3 0.792 0.824 0.848 0.860 0.851 

4 0.849 0.896 0.908 0.914 0.917 

5 0.127 0.404 0.498 0.553 0.543 

6 0.720 0.783 0.772 0.820 0.804 

7 0.000 0.552 0.545 0.759 0.625 

8 0.424 0.577 0.466 0.677 0.694 

9 0.339 0.435 0.512 0.527 0.573 

10 0.888 0.908 0.895 0.905 0.920 

A 0.978 0.983 0.988 0.991 0.991 

B 0.869 0.893 0.887 0.901 0.930 

C 0.765 0.823 0.837 0.860 0.863 

D 0.957 0.974 0.980 0.989 0.980 

E 0.729 0.754 0.782 0.871 0.847 

F 0.721 0.734 0.753 0.804 0.828 

G 0.990 0.990 0.997 0.997 0.994 
 

 

Figure A16. F1-scores for Incheon. 
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(a) CNN 

 
(b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM 

 
(f) Sentinel-2 image 

 

Figure A17. LCZ classification results for Seoul (2017/05/03).
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(a) CNN 

 
(b) LCZNet 

 
(c) MSCNN 

 
(d) MS-ResNet 

 

(e) MS-CBAM 

  

Figure A18. Confusion matrices for Seoul. 
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Table A7. Detailed F1-score results for Seoul. 

LCZ CNN LCZNet MSCNN 
MS- 

ResNet 

MS-

CBAM 

1 0.065 0.000 0.211 0.114 0.250 

2 0.675 0.718 0.780 0.767 0.759 

3 0.843 0.878 0.894 0.890 0.891 

4 0.862 0.909 0.909 0.925 0.906 

5 0.167 0.498 0.450 0.495 0.502 

6 0.736 0.816 0.824 0.857 0.847 

7 0.000 0.000 0.000 0.000 0.000 

8 0.424 0.667 0.625 0.680 0.745 

9 0.338 0.421 0.514 0.590 0.579 

10 0.870 0.914 0.904 0.923 0.920 

A 0.982 0.990 0.988 0.989 0.988 

B 0.882 0.952 0.947 0.974 0.952 

C 0.791 0.878 0.900 0.911 0.902 

D 0.951 0.974 0.978 0.981 0.978 

E 0.736 0.793 0.851 0.871 0.841 

F 0.729 0.800 0.811 0.821 0.811 

G 0.991 0.996 0.996 0.996 0.993 
 

 

Figure A19. F1-scores for Seoul. 
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국문 초록 

다중스케일 합성곱 신경망을 이용한  

국지기후대 분류 

서울대학교 대학원 

공과대학 건설환경공학부 

김 민 호 
 

2018년 발표된 UN 세계 도시화 전망에 대한 보고서에 따르면 세

계의 도시인구는 꾸준히 증가하여 2050년까지 3명 중 2명은 도심지에 

거주할 것으로 예상하고 있다. 이러한 도시화 증가 추세에 따라 도시 모

니터링을 이용한 지속 가능한 개발의 필요성이 대두되고 있다. 도시 기

후 모니터링 연구는 도시 공간과 장소를 기반으로 하기 때문에 공간정보

의 활용이 필수적이다. 그러나 도시 기후 모니터링을 위해 사용되는 기

존 공간정보에는 분류 기준이 구체적이지 않다는 한계가 존재하는데, 널

리 사용되는 토지피복도는 도시의 기능을 기준으로 설계되어 기후와 관

련된 특성이 포함되지 않고, Global Urban Footprint와 같은 도시 관련 

공간정보는 도시 및 비도시 지역의 이진 분류로 제한되어 활용성이 낮다. 

이러한 문제를 극복하기 위해 국지기후대 (Local Climate Zone, 이하 

LCZ)라는 표준체계가 고안되었고 다양하게 활용되고 있는데, 이 체계는 

토지 피복 종류와 표면 특징 등을 복합적으로 고려하여 공간을 총 17개

의 항목으로 세밀하게 분류한다. LCZ는 두 개의 클래스로 지역을 구분

하며, 시가지(built-up) 클래스는 건물의 높이와 배열 특성, 토지 피복

의 종류 등 총 10개의 항목을 고려하고, 자연(natural) 클래스는 식생의 

종류와 분포 정도, 토지 피복의 특성 등의 총 7개 항목을 기준으로 구역

을 분류한다. 

정밀한 도시 기후 모니터링을 위해서는 정확도 높은 LCZ 분류가 요
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구되며 최근에는 원격탐사 및 지리정보시스템(Geographic Information 

System) 기술의 발전에 따라 LCZ 분류를 위해 지도학습(Supervised 

Learning) 방법이 널리 사용되고 있다. 기존의 많은 연구에서 사용된 

대표적인 기계학습 알고리즘인 Random Forest(RF) 알고리즘은 모델의 

얕은 깊이로 인해 밀집된 도심지역과 같이 비균질하고 복잡한 지역에 적

용하기 어렵다는 한계가 있다. 최근의 연구에서는 RF의 한계를 보완할 

수 있는 방법으로서 합성곱 신경망(Convolutional Neural Network, 이

하 CNN) 기법이 제안되었는데, 이 기법은 입력 영상 데이터의 지역적 

정보를 더 효과적으로 학습시키며 RF보다 높은 분류 정확도를 갖는 것

으로 나타나 활발하게 연구되고 있다.  

본 논문에서는 도시 기후 모니터링을 위한 LCZ 분류 기법으로서 딥

러닝 기반의 LCZ 분류 프레임워크를 제안하며, 구체적으로는 샘플링 방

법론과 다중 스케일 (MS) 레이어를 활용한 세 가지의 딥러닝 기반 분

류 모델을 제안한다. MS 레이어는 다양한 크기의 합성곱 필터를 입력 

영상에 적용시켜 다양한 국부 수용영역(receptive field)을 가진 특성맵

(feature map)을 추출하여 정확도를 높이는데, 이는 다양한 축척으로 

입력 영상의 지역적 정보를 학습시키는 방법이다. 본 논문에서 제안하는 

세 가지 모델은 다중 스케일 CNN(MSCNN), 다중 스케일 

ResNet(MS-ResNet), 그리고 다중 스케일 convolutional block 

attention module(MS-CBAM)로, MS-ResNet은 잔차학습(residual 

learning)을 활용하여 MSCNN에 비해 더 깊으며, MS-CBAM은 다중 

스케일 레이어와 더불어 채널 및 공간적 attention을 통해 LCZ 분류 정

확도를 향상시킬 것으로 기대되었다. 

본 논문에서 도출한 핵심적인 결과물은 1) 기존 딥러닝 기반 LCZ 

분류 모델보다 향상된 정확도의 프레임워크 제안, 2) 모델 및 데이터의 

이전(transferability) 가능성 평가, 3) 도시 별  LCZ 분류 및 비교 분

석, 4) 추가 데이터 입력을 통한 분류 정확도 향상이며 이를 달성하기 

위한 네 가지 주요 실험이 수행되었다.  
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모든 실험에서 제안된 모델이 벤치마크 모델보다 높은 분류 정확도

를 기록하였는데, 첫 번째 실험인 모델 성능 평가에서는 MS-CBAM이 

가장 높은 OA(88.59%±0.20%)를 기록하여 높은 성능의 모델로 나타

났고, MS-ResNet(88.43±0.38%)과 MSCNN(86.79%±0.17%)이 다

음으로 높은 정확도를 보였다. 두번째 실험에서는 수치표면모델(Digital 

Surface Model, 이하 DSM)의 높이 정보를 모델에 입력하여 MS-

CBAM의 정확도를 최대 89.27%±0.21%까지 개선하는데 기여하였다. 

DSM과 반대로 OpenStreetMap(OSM) 및 중분류 토지피복도(National 

Land Cover Map 이하 NLCM) 데이터는 모델 정확도에 큰 영향을 주지 

않았다. 세 번째 실험은 모델의 깊이와 MS 레이어가 모델의 정확도에 

미치는 영향을 확인하는 실험이었다. 실험 결과, MS 레이어는 기본 

CNN 또는 MSCNN 구조를 가진 모델의 정확도에 영향을 미치는 것으

로 나타났으나, 깊은 MS-ResNet과 MS-CBAM 모델 정확도에는 상대

적으로 영향이 작게 나타났다. 마지막 네 번째 실험에서는 입력 데이터

와 제안한 모델의 robustness를 검토하였다. 먼저, 전이학습을 통해 글

로벌 So2Sat데이터(42개의 도시에서 얻은 LCZ 샘플로 구성된 데이터)

를 본 연구에서 사용되는 실험데이터에 적용했으나, 분류 정확도가 상당

히 감소되는 결과를 얻었다. 따라서, 본 연구에서는 글로벌 데이터세트

를 활용하는 접근보다 새로 샘플링 및 분류를 수행하는 방향을 선택했으

며 제안한 프레임워크, 즉, 샘플링 방법론과 딥러닝 모델을 활용하여 고

품질의 LCZ 샘플과 높은 정확도의 level-0 데이터를 얻었다. 더 나아

가, 이 실험에서 제안된 모델을 이용하여 MS-CBAM이 88.48%의 평

균 정확도로 가장 우수한 것으로 나타났다.  

결론적으로 본 논문에서 제안된 LCZ 분류 프레임워크는 기존의 

LCZ 분류 방법과 비교할 때 더 높은 정확도를 가져 향후 LCZ 분류의 

정확도 향상에 기여할 것으로 기대된다. 또한, 높은 정확도의 프레임워

크를 한국의 주요도시에 적용하여 LCZ 데이터를 생성함으로써 도시 기

후 모니터링을 위한 고품질 자료의 생성 및 대규모 LCZ 매핑을 위한 
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기반을 구축했다는 점에서 의미를 갖는다. 종합적으로 볼 때, 제안된 프

레임워크의 샘플링 방법론과 딥러닝 모델은 기존의 LCZ 매핑 방법을 

개선하여 앞으로의 도시 기후 모니터링 정확도를 높이고 지속 가능한 개

발의 달성에 이바지할 것으로 예상된다. 
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