Remote Sensing of Environment 311 (2024) 114290

Contents lists available at ScienceDirect

Remote Sensing of Environment

o %

ELSEVIER

journal homepage: www.elsevier.com/locate/rse

Review ' :.)

Check for

Deep learning for urban land use category classification: A review and o
experimental assessment

Ziming Li?, Bin Chen™™%", Shengbiao Wu®, Mo Su‘, Jing M. Chen®’, Bing Xu® "

2 Future Urbanity & Sustainable Environment (FUSE) Lab, Division of Landscape Architecture, Faculty of Architecture, The University of Hong Kong, Hong Kong SAR,
China

Y Urban Systems Institute, The University of Hong Kong, Hong Kong SAR, China

¢ HKU Musketeers Foundation Institute of Data Science, The University of Hong Kong, Hong Kong SAR, China

4 Shenzhen Urban Planning and Land Resource Research Center, Shenzhen 518034, China

€ Key Laboratory for Humid Subtropical Eco-Geographical Processes of the Ministry of Education, School of Geographical Sciences, Fujian Normal University, Fuzhou
350117, China

f Department of Geography and Planning, University of Toronto, Toronto, Ontario M5S 3G3, Canada

& Department of Earth System Science, Ministry of Education Ecological Field Station for East Asian Migratory Birds, and Institute for Global Change Studies, Tsinghua
University, Beijing 100084, China

ARTICLE INFO ABSTRACT

Editor: Marie Weiss Mapping the distribution, pattern, and composition of urban land use categories plays a valuable role in un-
derstanding urban environmental dynamics and facilitating sustainable development. Decades of effort in land
use mapping have accumulated a series of mapping approaches and land use products. New trends characterized
by open big data and advanced artificial intelligence, especially deep learning, offer unprecedented opportunities
for mapping land use patterns from regional to global scales. Combined with large amounts of geospatial big
data, deep learning has the potential to promote land use mapping to higher levels of scale, accuracy, efficiency,
and automation. Here, we comprehensively review the advances in deep learning based urban land use mapping
research and practices from the aspects of data sources, classification units, and mapping approaches. More
specifically, delving into different settings on deep learning-based land use mapping, we design eight experi-
ments in Shenzhen, China to investigate their impacts on mapping performance in terms of data, sample, and
model. For each investigated setting, we provide quantitative evaluations of the discussed approaches to inform
more convincing comparisons. Based on the historical retrospection and experimental evaluation, we identify the
prevailing limitations and challenges of urban land use classification and suggest prospective directions that
could further facilitate the exploitation of deep learning techniques in urban land use mapping using remote
sensing and other spatial data across various scales.
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1. Introduction

Land use and land cover (LULC) are critical factors that determine
climate and ecosystem changes through biophysical and biochemical
processes (Foley et al., 2003; He et al., 2017). It has been widely
recognized that LULC patterns and changes are important factors that
affect the energy balance, hydrological cycle, carbon dynamics, and
ecosystem services (Findell et al., 2017; Foley et al., 2005; Schilling
et al., 2008; Schneider et al., 2010; Tang et al., 2021). The intensified
human modifications to LULC, particularly the rapid urbanization over

the past few decades, have resulted in prominent impacts on natural
systems and human society, including biodiversity loss, food insecurity,
natural hazards, poverty, public health, and human well-being (Gong
et al., 2012; Liu et al., 2021a; Simkin et al., 2022; Szabo, 2016; Zhang
et al., 2018b). Mapping and monitoring the LULC pattern and associated
dynamics accurately and timely are of great significance to advance our
understanding of the cause and effect of global environmental changes
and to facilitate effective and sustainable land management.

Many efforts have been made to enable spatially and temporally
explicit LULC mapping, thereby providing essential data support for
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outlining the spatial patterns and temporal dynamics of land surface
conditions. Representative datasets includes (1) coarse resolution
products with a spatial resolution ranging from 100 m to 1 km, such as
the Global Land Cover Characterization (GLCC) datasets (Loveland
et al., 2000), University of Maryland Global Land Cover (UMD-GLC)
maps (Hansen et al., 2000), Global Land Cover 2000 (GLC2000) dataset
(Bartholomé and Belward, 2005), Moderate Resolution Imaging Spec-
trometer (MODIS) land cover datasets (Friedl et al., 2002), global land
cover (GlobCover) datasets (Arino et al., 2007); (2) medium resolution
products with spatial resolutions ranging from 10 m to 100 m, Global-
Land30 (Chen et al., 2015), FROM-GLC30 (Gong et al., 2013), FROM-
GLC10 (Gong et al., 2019), Global Urban Land (Liu et al., 2018b),
WorldCover-10 m products (Zanaga et al., 2022); and (3) high resolution
products with spatial resolutions finer than 10 m, such as the 3-m China
land cover map derived from Planet images (Dong et al., 2022) and the
1-m resolution national-scale land-cover map of China (SinoLC-1) (Li
et al., 2023b). The majority of these available datasets focus on land
cover types since the physical attributes can be well captured and
differentiated by satellite sensors. However, the products of large-scale
land use classification with fine-grained classification schemes are still
very limited, especially for urban areas. Compared with land cover, land
use contains more socio-economic properties and is more challenging to
interpret (Fang et al., 2022; Huang et al., 2020b). As the highest-level
human modification of the land, urban land use reflects the interac-
tion between human activities and heterogeneous urban landscapes, as a
result of the objective and outcome of exploiting land resources (Gong
et al., 2020). To date, more than half of the world's population lives in
urban areas, and this number is expected to increase to 68% by 2050
(United Nations Department of Economic Social Affairs, 2019). There-
fore, mapping the detailed urban land use categories, such as the dis-
tribution and composition of residential, commercial, industrial, and
public service lands, is critically important. Such information can pro-
vide direct data support and reference to city governors, urban planners,
and landscape architects for designing, building, and managing a livable
and sustainable urban environment. Moreover, the availability of urban
land use category information can further benefit a wide range of urban
environmental applications and implications, such as exploring urban
environmental problems, monitoring urban morphology changes,
simulating urbanization process, and informing human behaviors and
public health studies (Chen et al., 2021b).

Initially, the urban land use mapping was mainly conducted through
on-site land surveys, which were highly inefficient, labor-intensive, and
severely limited its geographical extent (DeVries, 1928). With the rapid
development of satellite techniques and the growing amounts of Earth
observation platforms since the 1970s, remote sensing data with various
spatial, spectral, and temporal resolutions have become more available
for understanding multi-scale and multi-dimensional urban environ-
ments. Remote sensing data record the electromagnetic signals of
observed objects, including the reflection, emission, and scattering,
which are mainly determined by the nature of objects' materials. Such
physical signals are inherent indicators of differentiating land cover
types and thus making remote sensing data widely used in generating
LULC maps (Joshi et al., 2016). Before 2000, satellite data such as
multispectral data (e.g., Landsat and SPOT) and microwave data (e.g.,
ERS) were commonly used in land use classification research, because of
the large coverage, data availability, and relatively high spatial resolu-
tion at that time (Barnsley and Barr, 1996; DeVries, 1928; Gong and
Howarth, 1992; Pathan et al., 1989). However, due to the large number
of mixed pixels, serious spectral confusion, and heterogeneous urban
environment impeding the land use classification, the performance did
not achieve substantial improvement for decades (Wilkinson, 2005; Wu
and Murray, 2003). It was concluded that making efforts to optimize
modeling methods is of little value (Manandhar et al., 2009; Rozenstein
and Karnieli, 2011). Instead, researchers seek to develop and utilize
more advanced and powerful remote sensing data or other alternative
data. High-resolution (HR) and very-high-resolution (VHR) remotely
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sensed data (e.g., GeoEye, Worldview, QuickBird, Gaofen series, etc.),
can differentiate subpixel information of ground objects, making it
possible to transform land cover classification to land use classification
since more potentially useful features such as texture, geometry, size,
adjacency, and contextual information can be exploited from HR and
VHR data. The other types of remote sensing data including Light
Detection And Ranging (LiDAR), nighttime light data, and hyperspectral
data were also introduced into the mapping framework since they can
collect distinct information on the observed objects. Advances in the
Internet of Things and mobile internet technologies also provided
feasible alternatives to conduct land use category mapping by
leveraging social sensing big data via various kinds of ubiquitous sensors
including webcam, mobile phone, fixed monitoring appliances, etc. (Liu
et al.,, 2015; Wang et al., 2019). These emerging sensors facilitated a
substantial reduction in the cost of data acquisition and provided new
data sources for reflecting socioeconomic attributes and human dy-
namics (Guo et al., 2024). For example, many previous research studies
have utilized point of interest (POI) (Liu and Long, 2016), social media
data (e.g. Twitter, Facebook, Weibo, etc.) (Frias-Martinez and Frias-
Martinez, 2014; Steiger et al., 2015; Tu et al., 2017), mobile phone
data (Pei et al., 2014), smart card data (Long and Shen, 2015; Wang
et al., 2021) and GPS trajectories (Pan et al., 2013), to map urban land
use categories in the built-up areas. Compared with the well-structured
remote sensing images, the structure and organization of social sensing
data are of higher complexity and diversity. Subjective bias and uncer-
tainty of individual behavior and human interactions also impede the
applicability of social sensing data (Galesic et al., 2021). It is therefore
challenging to extract useful socio-economic attributes and human ac-
tivity patterns from these data (Guan et al., 2021; Yao et al., 2022; Zhang
et al., 2015). Despite the notable advantage of social sensing data in
capturing socioeconomic characteristics and reflecting human activities,
researchers did not exclusively depend on these data for land use clas-
sification. The ongoing advancements in remote sensing and social
sensing technologies are creating more opportunities to represent the
urban space comprehensively. A growing number of recent studies are
integrating remote sensing and social sensing data so that physical and
socio-economic characteristics can be fully exploited and incorporated
to differentiate complicated land use categories in the urban area (Du
et al., 2020; Liu et al., 2017; Wang et al., 2023; Xie et al., 2024).
Besides on-site surveys, early urban land use mapping could also rely
on visual interpretation of air-borne or space-born images. However,
this manual process had the drawbacks of being highly subjective and
demanding considerable labor and time. To meet the growing demands
for up-to-date urban land use information, more automatic and efficient
methods for urban land use classification have subsequently been
developed (Barnsley and Barr, 1996; Solberg et al., 1994). The ad-
vancements in artificial intelligence and computing technologies pro-
vide considerable potential for automating urban land use mapping.
Machine learning based classification algorithms such as Maximum
Likelihood Estimation (MLE), Support Vector Machine (SVM), Random
Forest (RF), and Multi-Layer Perceptron (MLP), have been increasingly
adopted in remote sensing community, given their capability to create
optimal models in a data-driven approach (Dixon and Candade, 2007;
Garg et al., 2021; Li et al., 2019a; Paola and Schowengerdt, 1995; Wang
et al., 2022). These shallow classification models require meticulous
feature engineering to render accurate decisions for classification tasks.
Traditional methods typically extract the spectral, geometry, texture,
and other shallow visual characteristics using feature construction ap-
proaches such as scale-invariant feature transform (SIFT), histogram of
oriented gradient (HOG) and Gray-level cooccurrence matrix (GLCM)
(Dalal and Triggs, 2005; Guo et al., 2023b; Haralick et al., 1973; Lowe,
2004). These features often fall short in representing distinctive and
universal characteristics of complex terrestrial features, thereby under-
mining the generalizability and discrimination accuracy of the down-
stream tasks (Huang et al., 2018; Li et al., 2019a). Alongside the growth
of big data, a series of data mining techniques, especially topic modeling
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such as Bag of Visual Words (BOVW), Latent Dirichlet allocation (LDA),
and probabilistic Latent Semantic Analysis (pLSA), were used to exploit
and fuse higher-level semantic information in remote sensing and social
sensing data (Blei et al., 2003; Hofmann, 1999; Yang and Newsam,
2010). Due to the lack of spatial correlations in such topic modeling,
inspired by the word embedding in natural language processing,
Word2Vec, Place2Vec, Block2Vec, and Traj2Vec were developed to
model potential spatial relationships and embed them into representa-
tive vectors (Sun et al., 2021; Yan et al., 2017; Yao et al., 2016; Zhang
et al., 2020b). Recently, deep learning models that utilize neural net-
works with deep architectures have rapidly evolved, shifting the focus of
the research community and making them become the mainstream al-
gorithms in computer vision and natural language processing due to
their robust capacity to implement representative learning in an end-to-
end way (Arel et al., 2010; LeCun et al., 2015). Given its remarkable
performance, deep learning has been extensively utilized in the fields of
remote sensing and earth system science since 2014, including data
fusion, scene understanding, and LULC mapping and change detection
(Ma et al., 2019; Reichstein et al., 2019; Zhu et al., 2017). Advanced
deep network architectures, such as convolutional neural networks
(CNNs), recurrent neural networks (RNNs), generative adversarial net-
works (GANSs), and Transformers, have been employed in Earth obser-
vation and environmental monitoring applications, significantly
outperforming traditional models (Huang et al., 2018; Ansith and Bini,
2022; Scheibenreif et al., 2022; Xiao et al., 2022). Fig. 1 illustrates the
difference between traditional machine learning and deep learning
methods when executing land use classification. In traditional machine
learning, the process of feature extraction for classification relies heavily
on human-designed feature engineering, due to the classification
model's limited capability of learning features independently. On the
other hand, deep learning methods minimize the need for human
intervention in feature engineering, as their deep network layers are
able to extract multi-level features through data-driven learning from
massive samples. Within the context of mapping urban land use cate-
gories, deep learning models can effectively extract latent semantic in-
formation and investigate the relationships between different objects.
This capability significantly aids in differentiating complex urban land
use categories characterized by high intraclass variance and low inter-
class variance. With their significant advantages, deep learning-based
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methods have increasingly contributed to urban land use classification
studies in recent years (Zang et al., 2021). In the initial stage of applying
deep learning in urban land use classification, the pre-trained deep
models were directly utilized as a feature extractor to derive hierarchical
features for classification (Hu et al., 2015; Marmanis et al., 2016; Zhao
et al., 2017a). This approach, however, faced the challenges of the sig-
nificant mismatch of the model architectures, data source, and pre-
trained tasks, limiting the effectiveness of deep learning. Subse-
quently, a series of studies proposed more effective model architectures
tailored for specific data and tasks, constructed task-specific datasets,
and retrained their models (Huang et al., 2018; Nogueira et al., 2017;
Zhang et al., 2020a; Zhang et al., 2018a). As a result, plenty of the
variants of foundational deep learning models have been proposed and
compared for urban land use mapping. These studies focused on
designing model architectures that could enhance models' capability of
extracting discriminative features from specific types of data sources.
Currently, there is a noticeable trend toward more effective architecture
and strategy for multimodal applications that integrate multisource
remote sensing and social sensing data for capturing complexities and
diversity of land use patterns within urban areas (Lu et al., 2022; Su
et al., 2024; Yan et al., 2024; Yu et al., 2023). Relevant research studies
work on addressing the following three challenges: feature representa-
tion for each modality, feature alignment between modalities, and
feature fusion of multiple modalities (Guo et al., 2024; Li et al., 2023a;
Ouyang et al., 2023).

Despite substantial improvements achieved by leveraging deep
learning approaches, the field remains in an emerging and evolving
state, necessitating regular reviews to summarize advancements,
pinpoint challenges, and suggest future directions. While many reviews
have explored deep learning's applications, the majority have focused on
broader missions or subjects, overlooking the specifics of urban land use
(Chen et al., 2023a; Ma et al., 2019; Yuan et al., 2020; Zhu et al., 2017).
Urban land use, shaped by both human and natural influences, presents
distinct challenges for deep learning applications, including a variety of
data sources, mapping units, and classification models. The optimal
strategies for employing deep learning in mapping urban land use cat-
egories, such as choosing the appropriate analysis units, models, data
sources, and parameter configurations for classification practices,
remain unclear. Therefore, it is crucial to review the characteristics of
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deep learning in urban land use category classification from existing
studies, to guide future research in accurately identifying land use cat-
egories and understanding the functional patterns of urban land uses.

In this context, this study carries out a comprehensive review and
comparative analysis of urban land use classification, focusing on recent
advancements that utilize deep learning algorithms. Specifically, a full
set of experimental assessments is conducted on the ubiquitous Shenz-
hen datasets to investigate the sensitivity of crucial hyperparameters in
major deep learning models. Based on literature review and experi-
mental results, we identify ongoing challenges and future directions for
deep-learning-based urban land use classification. Its primary goal is to
serve as a comprehensive guide for mapping large-scale, detailed urban
land use categories with deep learning models, addressing the following
three main questions: (1) What kinds of data sources, mapping units, and
deep learning models have been adopted in the existing methodological
framework, and how have they been utilized for the urban land use
mapping tasks? (2) In the classification practices, how do variations in
parameter settings in terms of data, models and samples influence model
performance, especially for deep learning driven urban land use classi-
fication? (3) What are the remaining key challenges and prospective
opportunities for future investigation and applications of deep learning
in urban land use classification?

The rest of this review is structured as follows: Section 2 presents an
overview of research on deep-learning-based land use mapping, across
the spectrum of data sources, classification units, and fundamental deep
learning frameworks. Section 3 outlines extensive experiments of eval-
uating the effectiveness and differences of deep learning models in
urban land use mapping. Section 4 discusses current challenges and
future opportunities. Section 5 marks conclusions on key findings and
their implications.
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2. Advances of deep learning in land use mapping
2.1. Data source

Diverse geospatial big data including remote sensing and social
sensing data (Fig. 2), are produced and collected every day. Appropriate
data with high-quality information directly determine the classification
performance. The purpose of this section is thus to summarize the
commonly used remote sensing and social sensing big data in recent
studies applying deep learning in urban land use classification.

2.1.1. Remote sensing

2.1.1.1. Multispectral remote sensing. Multispectral remote sensing sen-
sors generate multi-band images, usually with 3-10 bands, and each
band records the radiation of electromagnetic waves at specific wave-
lengths reflected or emitted from the observed surfaces. In general,
multispectral imaging systems capture broadband spectral responses
from visible to infrared wavelengths, typically covering a range of
10-100 nm. By analyzing the values of different bands in multispectral
images, several key land cover types with significant inter-class differ-
ences (e.g., water, vegetation, soil, and built-up area) can be distin-
guished due to their distinct spectral characteristics, providing an
essential delineation of the physical environment (Friedl et al., 2002;
Verpoorter et al., 2012; Xie et al., 2008; Xu, 2008). Moreover, the large
coverage and rich historical records of multispectral remote sensing data
facilitate long-term monitoring and analysis of land use change across
large regions over decades, making it possible to track and understand
the trend of ecological and urban development.

(11 LiDAR

Point of Interest

User Intensity

Fig. 2. Examples of common geospatial big data in terms of remote sensing and social sensing.
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2.1.1.2. Hyperspectral remote sensing. Built upon imaging spectroscopy,
hyperspectral sensors detect the contiguous electromagnetic energy
with higher spectral resolutions. The capability of capturing high levels
of spectral detail enables hyperspectral data to identify materials and
derive biophysical parameters with superior accuracy compared to
using multispectral satellite images (Yokoya et al., 2017). In general,
hyperspectral sensors produce data with hundreds of bands with narrow
bandwidths (<10 nm) in visible-to-NIR region (Jafarbiglu and Pourreza,
2022). Because of the strength in discrimination of subtle differences
between objects, many applications have used hyperspectral data to
classify LULC categories (Chen et al., 2017a; Kalluri et al., 2010; Xu and
Gong, 2007; Yuan et al., 2022). In urban areas characterized by high
heterogeneity and complexity, hyperspectral data is able to identify the
infrastructure materials, vegetation species, and even their conditions
(e.g., aging and health) in finer granularity (Abbas et al., 2021; Heiden
et al., 2012). Such sensitivity to manmade and natural objects makes it a
more powerful indicator than multispectral data for detailed urban land
use classification. The commonly used data sources include EO-1 Hy-
perion, PROBA-1 CHRIS, HJ-1 A, GF-5, PRISMA, etc., most of which
were of moderate spatial resolutions. Due to the costly acquisition and
insufficient resolution, the hyperspectral images are limitedly used to
investigate the spatial pattern and dynamic of LULC across large scales.

2.1.1.3. Nighttime light remote sensing. Nighttime light observed from
space is closely related to the artificial lights from human activities. To
monitor nighttime lights over large spatial scales, a number of space-
borne sensors were developed over the past decades, including the De-
fense Meteorological Satellite Program's Operational Line-scan System
(DMSP/OLS), the Visible Infrared Imaging Radiometer Suite (VIIRS)
instrument onboard the Suomi National Polar Partnership satellite
(NPP) fitted with Day and Night Band (DNB), and the Cubesat Multi-
spectral Observing System (CUMULOS), LUOJIA-1 and SDGSAT-1(Guo
et al., 2023a). It has been widely recognized as an effective proxy for
investigating human activities and deriving socioeconomic variables,
which are hardly achievable by the aforementioned daytime remote
sensing imagery. Meanwhile, unlike other social sensing data, nighttime
light data exhibits superior strength in wide coverage and spatial con-
tinuity. The synthesis of daytime remote sensing data and nighttime
light data has thereby become a common combination in characterizing
urban land use categories from a more holistic perspective (Chen et al.,
2021a; Chen et al., 2023b; Huang et al., 2021; Tu et al., 2020). However,
the coarse and medium resolution (from 130 m to 1 km) data generated
from the abovementioned sensors may undermine the mapping perfor-
mance, especially for fine-grained pixel-based classification. To over-
come this limitation, the Israeli EROS-B (Levin et al., 2014) and the
Chinese JL1-3B (Jilin-1) satellite (Zheng et al., 2018) offer decimeter-
level nighttime light data, enabling to investigate human activities
and urban land use compositions in finer details from the space.

2.1.1.4. Microwave remote sensing. Microwave remote sensing records
passive or active electromagnetic waves with wavelengths ranging from
1 mm to 1 m. Radar is the most common form of imaging active mi-
crowave sensors, with strength in all-weather and day or night imaging
(Moreira et al., 2013). Synthetic Aperture Radar (SAR) provides finer
spatial resolutions than conventional radar by artificially manufactured
antenna systems to utilize the Doppler Effect (Javali et al., 2021). In
recent years, an increasing number of high-resolution or very-high-
resolution SAR sensors were developed including Gaofen-3, HJ-1C,
Cosmo-Skymed, ALOS PALSAR, ALOS-2, RADARSAT-2, TerraSAR-X and
Sentinel-1. Due to the potential to characterize complex urban structures
and reveal multi-dimensional geometrical features, microwave sensors
are also important data sources in differentiating detailed land use types
(Chen et al., 2013; Schulz et al., 2021). The recorded backscattering
coefficient and phase information in SAR data can reflect the urban
structural information, orientation, shape, roughness, and height(Chen
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etal., 2013; Frantz et al., 2021). Compared with optical remote sensing,
another strength of SAR lies in the capability of all-day, all-weather
observation and a certain degree of penetration, contributing to the
broad applications in cloud-prone regions(Vaglio Laurin et al., 2013).
The joint use of optical and microwave data provides complementary
information on the physical surface.

2.1.1.5. LiDAR. Light Detection and Ranging (LiDAR) is a popular
active remote sensing method used for measuring varying distances of
objects from the Earth's surface by pulsed lasers and obtaining accurate
three-dimensional information about the object. Different from the op-
tical remote sensing imagery, the LiDAR point cloud possesses the
intrinsic strength in capturing precise structural information, robustness
to light conditions, no relief displacement, and penetration of tree
canopies (Yan et al., 2015). Therefore, it has been frequently applied to
land cover and land use mapping (Mo et al., 2024; Pan et al., 2020b;
Zhong et al., 2017). Compared with SAR data, which also shows po-
tential in describing three-dimensional information, LiDAR data mostly
has higher resolution and provides more detailed and precise measure-
ments of the target. The urban structure parameters extracted from
LiDAR data play important roles in delineating urban layouts from 2D to
3D and even extracting building-level functions, especially in megacities
with substantial three-dimensional components (Ma et al., 2015a). The
LiDAR-derived parameters such as height, intensity, skewness, and sky
view factors have been found to be useful in differentiating different
land use categories (Man et al., 2015; Sanlang et al., 2021). However,
limitations related to spatial coverage, data availability, data cost, and
updating temporal frequency impede the widespread application of
LiDAR data for large-scale land use classification.

2.1.2. Social sensing

With the emergence of big data and Information and Communication
Technologies (ICT), social sensing has become a new and promising
approach to quantify and understand socioeconomic environments (Liu
et al., 2015). Social sensing big data have the potential to trigger novel
datasets, approaches, tools, and insights to characterize spatiotemporal
patterns of human activities, serving as an important complement to
remote sensing data (Chen et al., 2021b). Given the multi-source and
multi-modal nature of social sensing data, the challenge of bridging the
modality gap and mitigating the heterogeneity issue is significant. Deep
learning, known for its capability of automatically learning represen-
tative features, presents a promising approach to integrating diverse
data sources and types for a better understanding of the human-
environment relationship.

2.1.2.1. Social media. Social media provides a unique lens for por-
traying users' spatiotemporal preferences and mobility patterns (Chen
et al., 2019). Social media applications record tons of geotagged infor-
mation every day (Ilieva and McPhearson, 2018; Shen and Karimi,
2016). For example, Twitter data have been viewed as a feasible data
source for characterizing urban land use category (Soliman et al., 2017).
Weibo check-in data and the Tencent user density data are two primary
data used to reveal the population dynamics and identify urban func-
tions in China due to their large user base (Chen et al., 2017b). Besides
the spatial and temporal information provided by the location-based
service network, geotagged images and texts on social media also
contain rich semantics for understanding the interplay between users
and their nearby environments (Haberle et al., 2019; Hoffmann et al.,
2023). By leveraging advanced deep learning techniques for effective
image analysis and natural language processing, this rich geotagged
semantic content can be transformed into representative features for
further analysis. Additionally, Point-of-interest (POI) data emerges as
another popular data source owing to its widespread availability and
detailed socioeconomic activities occurring, representing micro-level
land use patterns within areas (Huang et al., 2024; Liu et al., 2020;
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Yang et al., 2022). These user-generated data unveil the intensity and
modalities of users' interaction with urban spaces, offering valuable
insights into the socioeconomic attributes of regions. Consequently,
such implicit knowledge enables social media data to serve as an alter-
native or complementary approach to exploring how cities function
(Zhou and Zhang, 2016).

2.1.2.2. Mobile device data. Mobile device data have been validated as a
more direct means of capturing human activity information, contrib-
uting to a better understanding of mobility patterns and social dynamics
in urban areas(Gao et al., 2024; Sun et al., 2022). Currently, the mobile
phone is the most common mobile device due to its widespread use and
portability. It serves as an ideal proxy to uncover individual human
mobility patterns, offering insights into the spatial organization of
human networks (Rios and Munoz, 2017). Cellular networks, composed
of geographic zones around phone towers, can accurately locate each
mobile phone call using network-based positioning methods (Deville
et al., 2014). Mobile phone records detailing location and time have
been recognized as good proxies for revealing human activity patterns
and inferring urban land use (Toole et al., 2012; Widhalm et al., 2015).
Additionally, vehicle-based and GPS data are another important source
for urban land use mapping because they offer high spatiotemporal
accuracy in capturing individual human movements (Hu et al., 2021; Liu
et al., 2012). Given the intrinsic interdependence between land use and
traffic patterns, mobile device data can benefit the exploration of urban
land use structures by excavating the implicit spatial and temporal
rhythm of human mobility (Liu et al., 2012; Zhang et al., 2018c).

2.1.2.3. Proximate sensing. Different from the overhead images from
spaceborne or airborne sensors, proximate sensing provides ground-
level, georeferenced visuals of nearby objects and scenes (Leung and
Newsam, 2010; Qiao and Yuan, 2021). These images captured from
perspectives different from remote sensing data in very high resolution
can describe more detailed, representative, and heterogeneous visual
characteristics related to urban land use attributes (Wu et al., 2023).
Street view imagery, the most popular type of proximate sensing data,
has become an important source for urban analysis. Services like Google
Street View, Bing StreetSide, Mapillary, Tencent Street View, and Baidu
Total View lead this domain with their extensive spatial coverage (Bil-
jecki and Ito, 2021). Compared with overhead images, these street-level
images offer not only an intimate view of the built environment but also
great potential to understand the socioeconomic attributes(Fan et al.,
2023; Gebru et al., 2017). The latent socioeconomic characteristics are
mostly inferred from the composition and configuration of fine-grained
urban objects that can only be recognized and discriminated by the
ground-level high-resolution image (Zhao et al., 2022a). Therefore,
these images have been widely used in identifying land use character-
istics of different scales (Li et al., 2017; Zhang et al., 2023). However,
their applications are also with practical challenges including issues
related to image quality, obstructions, uneven coverage, as well as
variability in availability and update frequency (Bin et al., 2020; He
et al., 2020; Hou and Biljecki, 2022).

2.1.2.4. Volunteered geographic information. Volunteered geographic
information (VGI) refers to the geospatial data provided voluntarily
through crowdsourcing (Goodchild, 2007). OpenStreetMap (OSM)
stands out as the most prevailing VGI database because of its global
coverage, high flexibility in data importation, and open access to the
latest volunteered contributions (Flanagin and Metzger, 2008; Kouko-
letsos et al., 2012). The rich geographic features in OSM have intrigued
many researchers to leverage it for mapping urban land use patterns,
demonstrating its utility in urban studies (Gong et al., 2020; Johnson
et al., 2022). However, since the information was collected from the
volunteers regardless of their varying expertise and background, VGI
data suffers from the problem of inconsistent quality and completeness,
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potentially undermining its reliability (Bordogna et al., 2014; Senaratne
et al., 2017; Vargas-Munoz et al., 2021).

2.1.2.5. Other data sources. Beyond remote sensing and social sensing
data, various auxiliary datasets can also contribute to urban land use
category mapping. Census data, for instance, provide official statistics
on a range of demographic factors including migration, education,
health, and employment. These data can directly represent the socio-
economic attributes of different census units, providing essential in-
sights into urban land zonings and land use classifications (Theobald,
2014). Additionally, municipal services data recording the consumption
of resources in daily life, are emerging as new sources for delineating
human activities over time and space. With the advantages of high
spatiotemporal resolutions, comprehensive coverage of population, and
long timespan, datasets such as time-series of water and electricity usage
have the potential to analyze urban land use patterns (Guan et al., 2021;
Pan et al., 2020c; Yao et al., 2022).

2.2. Mapping units

The spatial patterns and phenomena observed within a region can
considerably vary depending on the type of mapping units used, making
the selection of these units critical to the purpose. In the field of land use
mapping, this variation is particularly evident, where three hierarchical
levels of mapping units including the pixel, object, and scene, are
commonly used as basic spatial entities to represent homogeneous
landscapes.

The size of pixel-level land use units is determined by the spatial
resolution of raster data, predominantly from remote sensing imagery.
With finer spatial resolutions, the homogeneity within pixel-level units
also gets more refined. The pixel stands as the most fundamental one
among the three mapping units, offering the advantage of scalability.
This means that pixels can be aggregated to represent larger land sur-
faces, a process less straightforward for higher-level mapping units due
to the absence of specific, finer-scale details. In this sense, pixel-level
land use mapping holds great potential. However, it also presents key
challenges, especially in urban areas, where the high variability within
classes (i.e., intra-class differences) and the minimal difference between
classes (i.e., inter-class differences) can render traditional classification
methods ineffective. To address these problems, recent years have wit-
nessed a surge of research into deep learning-based segmentation
techniques specifically for pixel-level land use mapping.

The object-level unit composed of pixels, represents image objects
that are meaningful entities with homogeneous attributes, which are
differentiable at a certain scale in the image (Blaschke et al., 2014).
These object-level units are generated and identified through segment-
ing objects from remote sensing images using object-based image anal-
ysis (OBIA) methods. Over the past decade, OBIA has become a
dominant approach in land use mapping, offering several advantages
over pixel-based methods, including improved classification accuracy
and a better representation of the real world's heterogeneous features
(Whiteside et al., 2011; Yu et al., 2006). While many studies have suc-
cessfully applied OBIA methods to produce land use maps for local and
regional studies, extending these applications to larger datasets for
mapping at continental and global scales remains a challenge. This is
due to the spatial scale effect and the requirement of effective human
intervention and experiment (Myint et al., 2011; Zhang et al., 2022).
Moreover, from a practical perspective, the use of such segmented units
cannot be easily applied in real-world applications like land use plan-
ning and resource management (Zhong et al., 2020). Besides, buildings,
as representative objects carrying most of the urban functions, are also
widely used as analysis units of urban land use mapping (Du et al., 2024;
Zheng et al., 2024).

The scene-level unit represents specific extents defined by human
interpretations, encompassing socio-economic contexts such as traffic



Z. Lietal

analysis zones, cadastral fields, and street blocks or simple grids of a
certain size. Grids, in particular, have gained popularity in the devel-
opment of land use classification models based on deep learning due to
their regular shape and straightforward preprocessing. Several scene-
based remote sensing land use datasets, such as UC Merced Land Use
Dataset (Yang and Newsam, 2010), WHU-RS19 (Dai and Yang, 2011),
and Aerial Image Dataset (AID) (Xia et al., 2017), are publicly available
and have been widely used to evaluate these models. However, scene-
based mapping has not been widely adopted in existing land use maps
due to its tendency to cause serious mosaic phenomenon, characterized
by zigzag boundaries and ambiguous geographical meanings (Zhang
et al., 2022). Recently, street blocks, defined by roads and rivers, have
become the preferred scene unit because they typically represent a
relatively homogeneous urban function and align better with the basic
unit of urban planning and land management. However, generating such
units can be challenging in areas lacking ancillary geographic data like
road networks, and spatial contexts might be difficult to delineate and
characterize with specific rules (Oliva-Santos et al., 2014; Zhang et al.,
2018a). Another concern about these scene-based classifications is the
prevalence of mixed land use in urban areas, which can compromise
mapping accuracy due to the ambiguity of highly mixed scenes.

2.3. Deep learning-based approaches

2.3.1. Base models

As deep learning techniques gain enormous popularity in computer
vision and natural language processing applications, their advance-
ments have significantly influenced the field of land use mapping. The
emergence of monumental model architectures, exemplified in Fig. 3,
has provided an important reference of base models for researchers to
utilize and develop to facilitate the study of the urban environment.

2.3.1.1. Multi-layer perceptron. Multi-Layer Perceptron (MLP), also
called artificial neural network, is the prototype of most advanced deep
learning models. The simplest architecture of an MLP consists of one
input layer, one hidden layer, and one output layer. The neurons in one
layer are fully connected with the neurons in the following layer. Acti-
vation functions, appended after the fully connected operation, intro-
duce non-linearity to enable the model to learn complex representations.
During model development, two main computation processes, forward
computation, and backward propagation, are executed alternatively. In

Input layer

Hidden layers

Input feature
Multi-layer perceptron

Kernel

Convolutional neural network
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forward computation, data are passed through the network from the
input layer to the output layer. A loss function is used to measure the
discrepancy between the model output and the true target. To minimize
the loss, a gradient descent algorithm is then utilized to optimize the
parameters in each layer during backward propagation. This three-layer
structure can be further deepened by increasing the number of hidden
layers to help the model fit more complex functions. MLPs have been
applied to LULC classification since the late 1980s (Atkinson and Tat-
nall, 1997; Bischof et al., 1992; McClellan et al., 1989). The fully con-
nected layers in MLP enable the model to thoroughly explore the
relationships between every feature, thereby embedding them into
higher-level features (Zhang et al., 2019). This type of dense connec-
tivity structure is also frequently used to integrate heterogeneous fea-
tures from multi-source big data, thereby better approximating the
relationships between multiple features and complex land use cate-
gories. However, MLPs were less popular than other machine learning
algorithms such as RF and SVM in most research fields for the following
reasons: firstly, the “black-box” characteristic of neural networks leads
to low interpretability; secondly, although theoretically deep neural
networks are able to approximate any complex function (Hornik et al.,
1989), increasing depth not only strains computational costs but also
results in issues such as vanishing/exploding gradients, overfitting, and
network degradation, all of which can seriously undermine model per-
formance. These challenges have received wide attention with the surge
in deep learning interest, particularly with the rapid development of
convolutional neural networks over the past decade.

2.3.1.2. Convolutional neural network. Developed from the artificial
neural network, a novel network architecture characterized by the
convolution operation gradually occupies the dominant position of the
computer vision field. Regarding the first CNN—LeNet proposed as the
classic template of network architecture, a series of CNNs, such as
AlexNet, InceptionNet, ResNet, SENet, and HRNet, appeared subse-
quently and acquired improvement in both accuracy and efficiency.
These CNNs are constructed of two sub-networks: (i) the feature
extractor network, comprising a hierarchical structure of convolutional
layers (which apply a series of learnable filters to the input data to
extract features by sliding these filters across the input spatially, per-
forming element-wise multiplications with the part of the input they are
currently on, and summing up the results into an output feature map)
and subsampling layers for learning high-level feature representations
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Fig. 3. Illustrative diagrams of base model architectures for (a) multi-layer perceptron, (b) convolutional neural network, (c) recurrent neural network, (d)
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and (ii) the classifier network, constructed of successive fully-connected
layers that make the final classification or estimation (Chan et al., 2017;
Paoletti et al., 2019). These two sub-networks can be trained together in
an end-to-end manner following the same procedure as MLP (i.e., for-
ward computation and backward propagation). Utilizing their excep-
tional ability to capture local spatial relationships, CNNs are often
employed in conjunction with remote sensing imagery (e.g., multi-
spectral, hyperspectral, microwave, and nighttime light data) and
ground-level images. They can extract high-level semantic features that
represent physical environments and socioeconomic attributes from the
imagery, thereby enhancing the accuracy of complex urban land use
classification. These CNNs have been used in scene-based or object-
based land use information extraction from remote sensing data.
Penatti et al. (2015) investigated the generalization ability of CNNs
trained on natural images in the remote sensing land use classification
tasks with 21 land-use classes. The results demonstrated the superiority
of CNNs in accuracy compared to other low-level and mid-level de-
scriptors. By introducing a multi-scale input strategy, Luus et al. (2015)
proposed a multi-view CNN to improve the performance in land use
classification, which achieved competitive accuracy compared to other
models. However, the architecture decides that the model can only
assign categories to specific regions and produce coarse-resolution
mapping results. Although some researchers have attempted pixel-by-
pixel classification by combining the CNN model classification for
centered pixels of a local region with sliding window calculation, these
methods often suffer from high computational costs and show unsatis-
factory performance especially on the border between ground surface
objects. As an alternative, a fully convolutional network (FCN) designed
by Long et al. (2015), employs a stack of convolutional layers to replace
the fully connected layers, turning CNN from an image classification
model to a semantic segmentation model. FCN and its extensions were
introduced to perform pixel-wise classification of land cover and land
use categories on remote sensing images (Paisitkriangkrai et al., 2016;
Volpi and Tuia, 2017; Wang et al.,, 2017). Volpi and Tuia (2017)
employed the downsample-then-upsample architecture of FCN to
perform full-resolution land cover mapping on sub-decimeter overhead
images, obtaining state-of-the-art performance without using any post-
processing and additional handcrafted features. Owing to the
outstanding performance, CNNs are still the mainstream model being
widely adopted and further advanced for land cover and land use clas-
sification tasks (Du et al., 2021; Zhang et al., 2020a; Zhang et al., 2022).

2.3.1.3. Recurrent neural network. As an important branch of deep
learning algorithms, recurrent neural networks (RNN) have shown
promising capability to handle sequential data, because “recurrent” in
the context of neural network refers to connections that feed the output
of a neuron back to its input, enabling the network to maintain a form of
memory by considering its previous state in its current processing (Zhu
et al., 2017). Derived from feedforward neural networks, RNNs are
augmented models with the inclusion of connections that span adjacent
phases, introducing the notion of time or order to the model (Lipton
etal., 2015). These cyclic connections feed the network activations from
a previous time phase as inputs to influence the network of current
states, enabling RNNs to capture the dependency over the elements of
different time phases (Sak et al., 2014; Sharma et al., 2018). There are
three main categories of RNN architectures currently: vanilla RNN
(Williams and Zipser, 1989), Long Short Term Memory (LSTM) network
(Hochreiter and Schmidhuber, 1997) and Gated Recurrent Unit (GRU)
network (Cho et al., 2014), and these models have been extensively used
in earth science studies, especially for the applications involving tem-
poral modeling and hyperspectral data processing. Satellites can observe
a certain area dynamically and the time interval is decided by the revisit
period. The temporal information of the land surface is beneficial for
differentiating some land cover and land use categories (e.g., deciduous
forests and evergreen forests). In light of the benefit, many research
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works used RNNs to extract the temporal features of the input time series
of remotely sensed data and improve the classification performance
(Campos-Taberner et al., 2020; Lyu et al., 2016; RuBwurm and Korner,
2017). Given that hundreds of spectral bands are provided in hyper-
spectral remote sensing data, it is also a popular method for hyper-
spectral land use classification to view these spectral bands as a
sequence and then use RNNs to characterize spectral correlation and
band-to-band variability (Hang et al., 2019; Mou et al., 2017; Pan et al.,
2020a). Moreover, social sensing data that reflects human activities,
such as user check-in and trajectory data, also exhibit strong temporal
characteristics. These sequential models can effectively capture peri-
odicity, regularity, and fluctuations of these data, introducing discrim-
inative features that help distinguish between different land use
categories.

2.3.1.4. Generative adversarial network. Generative adversarial net-
works (Goodfellow et al., 2014), featured by the two sub-networks (i.e.,
generator and discriminator) competing against each other, are one of
the most innovative ideas in deep learning and have shown very
impressive performance on generative modeling. In a GAN, a model
acting as a generator performs the mapping from a given noise input to a
particular data distribution of interest, while another model viewed as a
discriminator is built to differentiate the fake/generated data produced
by the generator from the real data (Creswell et al., 2018). The goal of
this adversarial process is that the generator can synthesize plausible
data that cannot be easily discriminated by the discriminator. Both the
generator and the discriminator used in vanilla GANs are MLP, but it is
common to extend it using CNN or RNN in order to process image or
sequential data. Plenty of research works have already directly
employed GANS to classify or segment remote sensing images (He et al.,
2019; Jozdani et al., 2022; Xu et al., 2018). Besides, the studies that
make use of the generative capability of GANs have also increasingly
emerged for advancing land cover and land use mapping from different
aspects. Shang et al. (2022) proposed a GAN-SRM model that used low-
resolution pixels to predict high-resolution land cover maps, and the
mapping results demonstrated that the introduction of GAN helped
restore high-frequency details. Han et al. (2020) exploit GANs to
generate samples including high-resolution remote sensing images and
corresponding labels to support the land use classification tasks with
insufficient annotated samples. To cope with the domain shift problem,
Jietal. (2021) developed a GAN-based domain adaptation method that
fully aligned the source and target images from image space and feature
space for land use classification using multiple-source remote sensing
images.

2.3.1.5. Transformer. Transformer (Vaswani et al., 2017) is the state-of-
the-art deep learning architecture, which was first developed for solving
machine translation tasks and then became the leading model in NLP
fields due to its capacity to capture long-range dependencies. The
Transformer has an encoder-decoder architecture which only uses
stacked self-attention and pointwise fully connected layers. The success
of Transformer comes from the multi-head attention mechanism that
enhances the representation capacity by jointly learning the de-
pendencies of tokens at different positions from different representation
subspaces. Beginning with Vision Transformer (ViT) (Dosovitskiy et al.,
2020), the great success of Transformer has led to the extensive inves-
tigation of Transformer-based architectures for CV tasks and also
intrigued researchers to explore the potential and feasibility of Trans-
formers in classifying land cover and land use (Aleissaee et al., 2023; Liu
etal., 2021b; Xie et al., 2021). For example, as the first work that purely
applied Transformer to hyperspectral image classification, Hong et al.
(2022) developed a transformer-based network — SpectralFormer and
devised groupwise spectral embedding and cross-layer adaptive fusion
modules to overcome the intrinsic weakness of Transformer. Chen et al.
(2022b) employed a bitemporal image transformer to efficiently and
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effectively capture contextual information over time and space for
change detection on remote sensing data. Transformer has shown great
tremendous potential to replace the leading structures such as CNN and
RNN in processing and fusing diverse modalities of data including
remote sensing and social sensing for urban land use mapping (Liu et al.,
2022; Zhou et al., 2023). Moreover, inspired by the recent technical
breakthrough of ChatGPT (https://openai.com/blog/chatgpt) powered
by transformer-based large language models, more advanced works are
expected to exploit its potential in developing large pre-trained models
for earth science (Cong et al., 2022; Sun et al., 2023; Wang et al., 2024).

2.3.1.6. Graph neural network. Different from images, which are
composed of regular pixels, real-world entities are more complicated
and irregular. Graphs consisting of nodes representing entities and edges
representing the relationship between nodes, offer a more adaptable
structure for describing a border array of real-world systems, such as
social networks and transportation networks. As shown in Fig. 3f, the
graph neural network aims at exploiting the information from adjacent
nodes and itself to update the target node so that it can realize graph-
based feature embedding. The embedded features are further used to
carry out node-level, edge-level, and graph-level tasks. GNNs are able to
effectively model spatial topological relationships and exploit contex-
tual information from geospatial data, which have been demonstrated to
be effective in understanding place characteristics (Kong et al., 2024).
Furthermore, GNNs possess the unique ability to derive features from
the connected local neighborhood even in semi-supervised scenarios
with limited labels, making them particularly suitable for urban land use
classification, a task that often suffers from label scarcity (Zhang et al.,
2023). In terms of disclosing urban functions using geospatial big data,
GNNs are also applied to model socio-economic data with irregular
structures such as POI and road networks. Xu et al. (2022b) structured
all the POI data in each land parcel as a graph and employed graph
convolutional networks to extract the spatial context of POI data for the
graph-level urban land use classification. By Extracting semantic infor-
mation from street view images as node features, Zhang et al. (2023)
constructed a graph network with streets as nodes to identify urban
functions at the street scale.

2.3.2. Multi-model ensemble

The abovementioned deep learning models have been exclusively
used in land use classification tasks by employing different kinds of data
and overperformed traditional classifiers in terms of classification re-
sults. Nevertheless, each model possesses its own strengths and limita-
tions in specific aspects, which have aroused researchers' interest in
seeking more effective model architectures that can further refine
mapping accuracy. A feasible and prevailing approach is to combine
these deep learning models or even incorporate other reliable non-deep
learning algorithms, within a single mapping framework. This integra-
tion leverages the intrinsic strengths of each internal element to offset
existing weaknesses, thereby enhancing the efficacy and efficiency in
tackling complex classification tasks (Penatti et al., 2015).

2.3.2.1. DL with Non-DL. The first type of integration is to combine a
deep learning model with a non-deep learning model. Before deep
learning models gained considerable popularity in LULC studies, tradi-
tional machine learning classifiers almost dominated relevant mapping
studies. Even though deep learning architecture has shown promising
results in effective land use classification, researchers tended to utilize
deep networks as feature extractors, producing representative features
for shallow machine learning classifiers, such as decision tree, random
forest, and SVM (Leng et al., 2016; Li et al., 2019b; Nijhawan et al.,
2019; Xia et al., 2022). For example, Dong et al. (2020) investigate the
performance of a method based on the fusion of a random forest clas-
sifier and CNN on land use mapping of forest areas using VHR images.
Basically, there are two reasons for taking such measures: firstly, these
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shallow classifiers are more interpretable than advanced deep learning
models which were viewed as “black box” due to their weak interpret-
ability; secondly, the combination of shallow learning models have
stronger robustness and strength in small datasets. Apart from machine
learning classifiers, traditional feature extractors (e.g., bag-of-visual-
words model) and post-processing algorithms (e.g., conditional
random fields (CRF) and Markov random fields (MRF) model) are also
common measures to be integrated for improving classification
performance.

2.3.2.2. DL with DL. With the advent of increasingly flexible and
ingenious network architectures, integrating different deep learning
models has emerged as a key approach for enhancement. According to
the data modality of classification, these integrations of DL with DL
models can be categorized into two groups: mono-modal and multi-
modal methods. As for mono-modal methods, the entire LULC map-
ping framework, which integrates two or more networks, tackles only
one type of input data, mostly images or other raster data, aiming to
excavate the maximum potential of mono-modal data for mapping land
use attributes. For example, Xiao et al. (2022) employed a CNN-GRU
model to extract spatiotemporal neighborhood features and capture
long-term dependency from the input time series data and verified its
effectiveness in modeling land use dynamics of the Hexi Corridor, China.
Song et al. (2023) explored the potential of the joint use of CNN and
Transformer for urban scene understanding from remote sensing images.
The local detail features and long-range relationships can be simulta-
neously exploited in the proposed model, thus improving the accuracy of
semantic segmentation.

Given that different deep learning models have their own strengths
in processing specific types of data (e.g., CNN for images/raster data,
RNN for sequential/time series data, and GNN for graph data), the multi-
modal models have been proposed in recent years to handle each kind of
data effectively, thereby providing multifaced information to recognize
land use types accurately. Yao et al. (2022) proposed an end-to-end land
use identification model comprised of CNN, FCN, and LSTM models to
mine physical attributes from remote sensing images and socioeconomic
attributes from time series of electricity. In Fang et al. (2022)’s study,
two modalities of data are included: the street-view images and the
graph constructed by their spatial location. To cope with the multi-
modal input, they developed an integrated model for urban land use
classification where the CNN extracts high-level semantic image fea-
tures, and the graph convolution network model simulates the spatial
context and interaction.

3. Experimental assessments
3.1. Materials and methods

3.1.1. Study area

Shenzhen, located in southern China (22°27' N- 22°52' N, 113°46' E-
114°37' E), is selected as the primary study area for the experimental
assessment in this study. After becoming China's first special economic
zone in 1979, Shenzhen has experienced unprecedentedly rapid ur-
banization, transforming the city from a cluster of fishing villages to one
of the world's largest metropolitans. It is now home to over 13 million
residents and spreads across a total area of 1996 km?. As shown in Fig. 4,
Shenzhen consists of 10 administrative districts: Baoan, Guangming,
Longhua, Nanshan, Futian, Luohu, Yantian, Longgang, Pingshan, and
Dapeng. The city's complex economic structure and diverse population
distribution have resulted in intricate and varied urban land use cate-
gories across the city. This complexity and diversity in land use patterns
make Shenzhen an excellent testbed for evaluating the performance of
different deep learning models in generating urban land use category
classification.
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Fig. 4. Geographical location of Shenzhen, China and its administrative boundaries of 10 districts.

3.1.2. Urban land use dataset

Built upon the Shenzhen Urban Land Use Classification system
(SULUQ), the urban land use classification categories in this research are
structured as a two-level classification scheme comprised of 5 Level-I
categories and 13 Level-II categories, as shown in Table 1. Compared
with SULUC, the scheme included fewer categories because we aggre-
gated several classes with limited samples. As the basic analytical unit of
this study, three-level land parcels were obtained by parcel segmenta-
tion with a road network. Only the parcels within the built area were
retained while the other areas such as water surface, farmland, forest-
land, and bareland were excluded.

For each parcel, we assign urban land use categories by referring to
the land survey data that covers the entire city of Shenzhen. A series of
sample verification and quality checks including indoor processes and in
situ investigation have been conducted to ensure the accuracy and
reliability of urban land use category labels (Su et al., 2020), which are
some of the most important factors for building optimal machine-
learning models. By doing these, we obtained a multi-level parcel-
based urban land use dataset in Shenzhen with complete coverage and
accurate categories, facilitating our following experiments.

Table 1
Two-level classification scheme of urban land use categories in Shenzhen.

3.1.3. Methodology

Fig. 5 presents the workflow for the deep-learning-based urban land
use category classification framework employed in this study. The data
included satellite images, auxiliary data, land-use survey data and the
segmented street blocks of Shenzhen. The first step involves data
alignment to preprocess satellite images and auxiliary data. This process
includes converting data to raster, standardizing the projection,
resampling images, and aligning images. The aligned data are then fused
by stacking and clipped into block-level patches according to the street
block extents. In the model development stage, these data patches are
matched with the land-use survey data to construct a sample set. Each
sample in this set contains corresponding input data and a specific land
use class label. This sample set is further proportionally split into a
training set and a test set. The training set is used to train the deep
learning model. During the training process, the data are input into the
model, and forward computation results in prediction outputs. The loss
function calculates the discrepancy between these predictions and the
reference. The backward propagation of the loss gradient helps the
model obtain the gradients of trainable layers, which are used to update
and optimize the model weights. This forward computation and

Level-I Level-II Description

01 Residential 101 Urban village

102 Urban residential

Original rural resident housing currently mostly surrounded by city blocks
Land used for residential housing and related facilities

02 Commercial

03 Industrial
04 Transportation

05 Public Service

201 Business and finance
202 Golf course

203 Storage

204 Other commercial

301 Industrial

401 Road

402 Transportation Station
403 Harbor

501 Instructional and research
502 Parks and green space
503 Public infrastructure

Commercial and service land used for business operations

Golf course and service housing and facilities

Land used for stockpiling and temporary storage for distribution

Retail, wholesale, production and sales, services, and entertainment land

Land used for production, product processing, manufacturing, machine repair, and other related facilities
Transportation land

Land used for service facilities, such as stations, transfer stations, parking facilities

Land used for harbors or related facilities

Land used for instruction, research, design, surveying, testing, environmental assessment, extension, etc.
Parks, zoos, gardens, squares, and other green space for recreation

Land used for public infrastructure

10
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Fig. 5. Workflow of the entire urban land use category classification framework.

backward propagation process is iterated until a set number of iterations
is reached. The best model saved during iterations is evaluated by
conducting an accuracy assessment comparing the prediction with the
reference values of the test set. In the inference stage, block-level
patches, without any prior labels, are directly input into the trained
model, resulting in an urban land use map. This map can be used to
analyze urban land use structure and spatial pattern. The majority of
deep learning models used in this study are CNN models, so we present a
simplified architecture of a CNN, containing only key elements in this
workflow. Specifically, this model takes an input image patch with the
dimensions of height x width x N, where N denotes the number of input
channels corresponding to the number of spectral bands and auxiliary
data. A convolutional layer with a kernel size of K processes the input
data and produces the feature maps C1. These feature maps are then
spatially aggregated by a pooling layer to reduce computations and
enhance translation invariance. After passing the feature maps into
another group of convolution and pooling layers, the generated P4
feature maps are transformed into a one-dimensional vector through
flattening or global pooling. This vector passes through several fully
connected layers and finally, a softmax function processes the vector to
produce the prediction of class probabilities, which can be assigned to
specific category. Compared with the basic CNN, deeper models append
more convolutional, pooling and fully connected layers. Other state-of-
the-art models enhance this basic architecture by adding novel and
effective modules to improve performance in certain aspects (e.g.,
dropout, batch normalization, residual connection, etc.).

3.2. Experimental design

3.2.1. Basic setting and implementation

To conduct extensive experiments on land use classification, the
basic configuration of the baseline method is detailed as follows.
MobileNet is selected as the main classification network because of its
lightweight architecture and computational efficiency. Worldview im-
ages with red, green, and blue bands are the main data source. The
images are cropped according to the boundaries of level-3 land use
parcels, and then resampled to image patches with a uniform size of 224
x 224 pixels. The complete dataset is split into a 70% portion for
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network training and the remaining 30% for evaluation. The spatial
distribution of two sets is shown in Fig. 6. Due to the constraints in
computing capacity, the size of each mini-batch is set to 16, and the deep
network is trained for 100 epochs. The optimal model weights saved
during the training course are further assessed by the test dataset. To
balance the sample sizes across different land use types, a weighted
random sampler is used to select samples from training set to form
batches for training. The loss function employed is the cross-entropy
loss. Network parameters are optimized by the Adam algorithm with
an initial learning rate of 0.001. Data augmentation methods such as
horizontal flip, vertical flip, and clockwise rotation by 0, 90, 180, and
270° are applied to the training samples to alleviate overfitting prob-
lems. Each of the experiments mentioned below adjusted only one
specific component, while the rest of the model remains consistent with
the baseline method unless explicitly stated otherwise, ensuring a fair
comparison.

To evaluate the performance of models generated in the following
experiments, we employed four widely used evaluation metrics: (1)
overall accuracy (OA), which represents the proportion of correctly
classified samples out of all test samples; (2) Fl-score, which in-
corporates the precision and recall for one class by computing the har-
monic mean; (3) weighted F1-score (wF1), which synthesizes all of the
class-wise Fl-score by a weighted average whose weights are deter-
mined by the proportion of each class, and (4) Kappa Coefficient, which
measures the agreement between classification results and the ground
truth reference.

3.2.2. Experimental details

We designed eight sets of comparative experiments (Fig. 7) with the
aim to investigate the impact of different configurations on classification
performance in model development for urban land use mapping. The
intention is to provide comprehensive references for researchers
employing deep learning models in urban land use classification studies.

The first experiment investigates how different types of input data
affect the performance of the models. The input data are divided into
two categories: remote sensing data and auxiliary data. The remote
sensing data used in this experiment include 0.5-m WorldView imagery,
3-m PlanetScope imagery, 10-m Sentinel-2 imagery, 30-m Landsat-8
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Fig. 7. Illustrative diagram of eight comparative experiments conducted in this study.

data, 30-m Sentinel-1 SAR imagery, Suomi NPP VIIRS Day-Night Band
imagery. All these remote sensing data were collected in 2020. The
auxiliary data includes Gaode POI data, WorldPop population, and
building height that are assumed to supplement socio-economic attri-
butes for urban land use classification. The detailed information on these
datasets is listed in Table 2. Before model training, these collected multi-
source data were first preprocessed to ensure compatibility and facilitate
subsequent integration. Given that raster is the primary modality in the
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planned experiments, data from other modalities (i.e., POI and building
footprint) were transformed into raster format. Specifically, Gaode POI
data, originally in point vector format, were converted to raster, with the
count of each POI category within each raster cell assigned as raster
values to represent the spatial density of urban functions. Building
footprint data was similarly converted from the polygon vector to the
raster with building heights encoded as the raster values to provide
three-dimensional information on urban structures. After unifying the
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Table 2
An overview of the datasets used in the experiments.

Category Data Resolution Year Description

Includes three primary
bands (blue, red and
green) in visible spectrum
Includes four spectral
bands of red, green, blue
and near-infrared

Offers a broad range of
spectral bands including
blue, green, red, four red
edge bands at 705, 740,
783, and 865 nm, near-
infrared, and two short-
wave infrared bands at
1610 and 2190 nm.
Provides comprehensive
spectral coverage with
bands of coastal/aerosol,
blue, green, red, near-
infrared, two shortwave
infrared, and cirrus bands.
Contains backscatter
coefficient of VV and VH
polarization from C-Band
Ground Range Detected
(GRD) scenes

Provides stray light
corrected VIIRS Day/
Night bands radiance
Consists of names,
location coordinates, and
specific urban functional
types for each point-of-
interest data.

Provides building outline
and height in vector
polygon format

Offers annually estimated
number of people residing
in each grid cell

Worldview-2 0.5m 2020

Planetscope 3m 2020

Multi- Sentinel-2 10 and 20

2020
spectral m

Landsat-8 2020

SAR Sentinel-1 10 m 2020

VIIRS
nighttime light

Nighttime

light 500m

2020

POI Gaode POI - 2018

Building
footprint and -
height data

Building 2020

WorldPop

. 100 m
population

Population 2020

data format, we use the Align Rasters tool in QGIS to align the extents,
coordinate reference systems, and spatial resolution of different data-
sets. As parts of our experiment aimed to compare the influence of
auxiliary data on Sentinel-2 and Worldview-1 data, these two data
served as the reference layer for alignment. Bilinear interpolation was
chosen as the primary resampling method to adjust low-resolution data
to match the resolution of reference data. Upon completing these steps,
we segmented the aligned data into patches confined to the boundaries
of the land use parcels. Depending on the specific design of each case, we
stack these aligned multisource data along the channel dimension to
form a three-dimensional patch. Paired with the corresponding land use
type labels, these patches were ready for the subsequent model training
and evaluation. Based on this dataset, we conducted a range of experi-
ments to examine the effects of spatial resolution, the number of spectral
bands, and the incorporation of auxiliary data on the classification
performance.

The second experiment examines the performance of various artifi-
cial intelligence models, spanning from shallow learning to deep
learning to gauge their strengths and weaknesses when applied to urban
land use category classification. In this experiment, we have considered
a number of popular classification algorithms: deep learning networks
such as Visual Geometry Group Network (VGGNet) (Simonyan and
Zisserman, 2015), Residual Neural Network (ResNet) (He et al., 2016),
Wide Residual Network (WideResNet) (Zagoruyko and Komodakis,
2016), Densely Connected Convolutional Network (DenseNet) (Huang
et al., 2017), MobileNet (Howard et al., 2017), MLP, LSTM, Vision
Graph Neural Network (ViG) (Han et al., 2024) and Visual Transformer
(ViT) (Dosovitskiy et al., 2020), along with shallow machine learning
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algorithms including Random Forest (RF) (Breiman, 2001) and Light
Gradient Boosting Machine (LightGBM) (Ke et al., 2017). For deep
learning models, we also compared the performance of models with and
without pretrained weights. As for traditional machine learning algo-
rithms, we studied the effect of sample balancing and feature engi-
neering. To balance the sample, we increased the sample size of each
land use category to match the size of the category with the most sam-
ples, which is “Industrial land use” in our study. Feature engineering for
the traditional machine learning models involved 25 commonly used
features from previous research, calculating the mean, standard devia-
tion, maximum and minimum values of three spectral bands (i.e., red,
green, and blue) and eighteen texture features (i.e., contrast, dissimi-
larity, homogeneity, energy, correlation, angular second moment for
each spectral band) generated by gray-level co-occurrence matrix, and
also the parcel area.

The third experiment compares deep learning models that are
trained with different patch sizes. For efficient mini-batch training,
input data of varying sizes need to be rescaled to the same size to train
the deep neural networks. Because the parcels in this study are divided
based on road networks, each parcel is of a different size. Downsampling
an image from a large patch to a smaller one leads to the loss of detail,
whereas upsampling a smaller parcel increases computational burden.
As such, an optimal scale is required for resampling the image to achieve
accurate and efficient classification. In this experiment, the clipped
images were resampled into square patches with uniform lengths of 32,
64, 96, 128, 160, 192, 224, 256, 384, 512, 768, and 1024 pixels. These
rescaled patches were then used to train and evaluate deep learning
models.

The fourth experiment contrasts the performance of models trained
and evaluated with different amounts of training and test samples. The
quantity and diversity of training samples affect the classification ac-
curacy and generalizability of the deep learning model, while the vol-
ume and representativeness of test samples reflect the confidence in
evaluation outcomes. In this experiment, the entire dataset was first
randomly divided into the training set and test set with a ratio of 7:3 for
each class. We reduced the amount of training sample from 100% to 1%,
which was then used for model training. The goal here was to explore
the influence of training sample size on classification performance.
Another set of experiments where the amount of test samples was
decreased from 100% to 1% was implemented to investigate its impact
on evaluation results.

The fifth experiment examines the influence of different input data
strategies. Achieving accurate remote sensing image classification
largely depends on providing rich, representative, and task-related data.
For parcel-level land use classification, the internal information within
the parcel is crucial as it directly signifies the parcel's attributes.
Nevertheless, contextual information from outside the parcel could also
provide supplementary information to enhance the precision of the deep
learning model's classification. To this end, we have considered three
data input strategies based on this assumption: (1) the sample only
contains pixels within the parcel, (2) the images that preserve all pixels
within the parcel’ envelop, and (3) the envelop image combined with
the parcel's binary mask.

The sixth experiment explores the spatial transferability of deep
learning models across different areas of the same city. As a result of the
Special Economic Zone policy in Shenzhen, the city can be divided into
three spatially continuous regions (Fig. 8a): the original special zone
(0SZ), former Bao'an and former Longgang districts until 2010 when the
extent of special economic zone was expanded to the entire Shenzhen.
The 30-year policy and legal difference resulted in imbalanced devel-
opment of infrastructure and economy in these three regions. The spatial
strategy rezoning in 2010 expected to balance development accelerate
the reformation of land use and the upgrade of infrastructure con-
struction in underdeveloped area, but as shown in the Fig. 8b, the
district-level guidelines lead to the difference in the urban function
structures(Xiao et al., 2023). The varying development and land use
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Fig. 8. Geographical distribution (a) and urban land use composition (b) of three study subregions in Shenzhen.

compositions make this three-zone partition an ideal testbed for the
transferability of land use classification models. Besides, rather than the
district-level partition, the three-zone partition scheme can ensure
enough samples for each class in training and evaluation across different
regions. For each of these regions, the sample set was split to a 70%
training set and a 30% test set. This led to the creation of three groups of
experiments. In each group, one of the regions served as the source
domain, from which a region-specific classification model was trained.
This model was not only evaluated on the test set of the source region
but also on the other two regions, acting as target domains, to assess the
spatial transferability of the deep learning methods. Moreover, we
investigated the efficacy of the fine-tuning technique by evaluating the
performance gains through the incorporation of additional samples from
the target domain. In these fine-tuning experiments, the models were
initially trained on the source region data, and subsequently fine-tuned
using the training samples from the target region.

The seventh experiment compares the performance of urban land use
classification at different parcel levels. Parcels were generated by using
different levels of road networks to divide the urban area, leading to
parcels of different levels. The lower-level parcels are subsets of the
upper-level parcels. In this experiment, we cropped the data for three
levels of parcel, creating three datasets to develop deep learning models.
We then assessed the performance of these models to examine the
impact of different segmentation scales on land use classification.

The eighth experiment examines the impact of sample purity on the
performance of urban land use classification. Mixed land use is a com-
mon occurrence in urban areas and often complicates the assignment of
a definitive label to a given parcel. Typically, the parcel category is
determined by the predominant land use category that accounts for the
largest portion of the parcel. This areal proportion of the major land use
category is defined as the parcel's purity. In this experiment, the com-
plete set of land use samples was divided into three subsets based on
purity: the high-purity subset (where each parcel has a label purity of 0.9
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or higher), the medium-purity subset (where each parcel has a label
purity ranging from 0.6 to 0.9), and the low-purity subset (where each
parcel has a label purity of <0.6). Each subset was further split into a
70% training set and a 30% test set. Each training set was used to train a
model, which was subsequently validated using three different test sets,
each with a different level of purity.

3.3. Results

3.3.1. Data input

The quantitative results of experiments using the same MobileNet
model, but different inputs of data sources are presented in Table 3. Four
multi-spectral data sources (Landsat-8, Sentinel-2, PlanetScope and
WorldView) represent remote sensing images with different spatial
resolutions and spectral bands. When the models only used red, green
and blue bands as input, an upward trend can be observed in three
overall evaluation metrics as the spatial resolution of the image in-
creases, which indicates that the higher resolution data are able to
provide more useful features spatially so that the model can improve the
classification performance. Apart from three-primary colors, the elec-
tromagnetic signals of the other spectral bands are also recorded by the
sensors of Landsat, Sentinel, PlanetScope, providing a more compre-
hensive description of terrestrial objects. As for Landsat-8 data, using all
spectral bands as model input brings an increment of 5.39% in the
overall accuracy compared to only using the bands of three-primary
colors. Inputting all spectral bands of Sentinel-2 and PlanetScope im-
ages can only gain 2.32% and 1.88% increase in the overall accuracy. It
demonstrates that low-resolution data, including more spectral bands,
can gain larger benefits than higher-resolution data. We also conduct the
experiments using only the Sentinel-1 SAR data with VV and VH in-
tensity or POI data. The results indicate that either SAR data or POI data
alone fails to effectively capture the urban functional attributes, with the
overall accuracy not exceeding 50%. Besides, the effect of adding
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Classification performance of models trained with different input data sources and features. The column names encoded with numbers from 101 to 503 represent
different Level-II urban land use categories defined in Table 1.

Data OA wF1 Kappa  Class-wise F1-score
101 102 201 202 203 204 301 401 402 403 501 502 503
L8(RGB) 47.34 4550  36.00 52.41 57.31 20.18 2857 9.76 9.38 54.87 47.48 294 52.63 1443 41.51 10.05
L8(AlD 52.73  50.90 42.60 60.34 63.38 2696 40.00 8.23 20.9 60.18 50.19 6.45 70.37 2412 4335 14.34
S2(RGB) 60.66 58.84 52.36 71.98 6832 3333 5714 1797 27.50 66.33 61.54 1290 7458 44.34 5423 14.95
S2(RGBN) 61.59 60.26  53.68 73.73 69.76 36.59 33.33 21.56 22,50 6831 63.25 14.08 7857 42.01 51.81 18.11
S2(AlD) 62.98 61.23 55.19 73.85 71.99 3562 44.44 1853 30.59 70.43 66.89 286 80.70  43.78  50.81 15.25
S2(All) + S1 63.55 62.10 55.94 77.05 7238 3431 75.00 2268 26.67 70.96 65.00 5.8 73.33  39.8 50.51 22.67
S2(All) + POIL 65.58 64.44  58.61 7597 7445 4794 57.14 30.08 20.59 73.36 63.31 5.97 68.97 58.01 49.94 33.85
S2(All) + NTL + BH + 64.6 63.11 57.24 75.92 7272 36.77 50.00 16.6 4211 7310 6497 7.89 81.36 4340 5419 24.27
POP
S2(All) + S1 + POI + 66.25 65.36  59.33 73.78 73.49 4444 57.14 3493 2973 7292 67.34 2857 79.25 58.72 5533 37.50
NTL + BH + POP
PL(RGB) 61.61 59.79  53.50 75.29 69.70 3475 50.00 1845 31.58 68.46 6410 6.45 58.82 41.28  48.01 15.93
PL(RGBN) 63.49 61.87 55.86 78.18 70.73 34.02 75.00 2454 30.95 70.79 63.80 15.62 76.67 42.15 49.61 18.02
WV(RGB) 68.28 67.22  61.82 83.51 76.51 4557 57.14 2727 35.00 7517 6599 2192 76.00 55.40 5532  25.20
WV(RGB) + S1 66.09 6450 58.94 81.67 72.08 39.27 2857 30.00 38.46 73.17 66.44 13.33 7843 49.54 5216 18.58
WV(RGB) + POIL 66.41 65.49 59.66 75.37 7442 472 75.0 33.22 2821 742 64.7 5.71 75.0 59.82 5299 38.78
WV(RGB) + NTL + BH 66.61 65.14 59.71 80.26  74.33 36.28 44.44 25,59 3243 7420 65.58 20.59 78,57 46.58 55.07 25.00
+ POP
POI density 47.94 46.75 38.16 55.89 51.79 3436 O 24.63 12.61 59.02 4475 5.26 5.56 53.11 25.28  28.83
S1 (VV + VH) 4418 42,67 3231 48.38 4591 30.96 57.14 9.56 2.99 53.86 49.65 3.39 62.96 10.65 43.5 9.61

auxiliary features from remote sensing and social sensing was also tested
in Sentinel-2 and Worldview data. For sentinel-2 data, adding features
from Sentinel-1 leads to 0.57% increase of OA, while integrating POI
density map gains largest improvement of OA (2.60%). Combining all of
the auxiliary features with Sentinel-2 multi-spectral features can help
the model achieve the OA of 66.25%. It shows that such assistant in-
formation can reflect the socio-economic properties of land surface can
supplement the shortage of spectral information and thus the model
classification accuracy can be further improved. But the accuracy of the
model using all spectral bands and auxiliary data input was still far from
that of the model only using RGB bands of Worldview data. In contrast,
for worldview data, introducing auxiliary data results in varying degrees
of accuracy loss. This decrease may be due to the fact that the very-high-
resolution images of the Worldview satellite contain fine and rich socio-
economic information implicitly. However, adding these auxiliary data,
most of which are coarse-resolution, introduces noisy information and
ambiguity to the model, undermining the original classification perfor-
mance of the deep network. As a whole, increasing the resolution of
input spectral data can gain more benefits than adding extra features
when developing a deep learning-based urban land use classification
model. As shown in Fig. 9, deep learning classification methods using
VHR images can accurately map the spatial composition and pattern of
urban land use function (Fig. 9b), which is visually in high consistency
with the reference land use map (Fig. 9a). As the spatial resolution in-
creases, less classification error can be observed in the three example
regions.

L8: Landsat-8; S2: Sentinel-2; S1: Sentinel-1; NTL: Nighttime light;
BH: Building height; POP: Population.

3.3.2. Classification models

The performance of different machine learning models, including
traditional machine learning algorithms and deep learning models, are
reported in Table 4. The class-specific sample size and mean perfor-
mance are also illustrated in Fig. 10. Among ten deep learning networks,
WideResNet outperformed other models, achieving the best overall ac-
curacy, wF1 and Kappa. Comparing to the vanilla resnet, the strength of
WideResNet is that it enlarges its width instead of the depth. A deeper
network with identity mapping in residual blocks suffers from dimin-
ishing feature reuse, which means only some layers can learn mean-
ingful representation while the features learned by other layers are
washed out after repeated operation. In WideResNet, larger width
(channel size) and dropout are two key mechanisms that help it avoid
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this issue and obtain superior performance over other deep learning
models. MobileNet, the network with lightweight architecture, achieved
the second-best performance. With a basic motivation similar to
WideResNet, MobileNet also tries to preserve a wide structure as much
as possible by introducing linear bottlenecks and inverted residual
modules to enlarge the channel size so that it can alleviate the serious
representation loss issues. For this urban land use classification task, the
complex model does not always perform better than the simple one. The
two most complicated models with more parameters, DenseNet and ViT
achieve worse performance than other deep learning models. We also
compare the performance of MLP, LSTM, and ViG, achieving the OA of
35.34%, 58.22%, and 61.13%, respectively. Such poor performance is
attributable to the weakness of these model structures in leveraging
local spatial correlations inherent to image representations. The results
of ResNet series models also show that model performance gets worse as
the depth of a model increases. It is because, in challenging tasks like
urban land use classification with insufficient samples, complex models
are more prone to encountering the problem of overfitting and thus
affect the model performance on the test set. Fig. 10 shows the distri-
bution of classification performance of ten deep learning models for
each land use category. It demonstrates that the categories with large
sample sizes can achieve better accuracy and stability. Notably, the
harbor class also shows high accuracy, which is mainly because unique
characteristics such as sea surface and containers in the scene make this
class more differentiable even though limited samples are used. More-
over, training the models without pretrained weights leads to a 5.33%
drop for MobileNet and a 7.42% drop for WideResNet, emphasizing the
importance of pretrained models or transfer learning when dealing with
such difficult tasks without sufficient samples. Compared with deep
learning networks, the traditional machine learning models achieve
relatively low accuracy. The LightGBM model trained with data pro-
cessed by feature engineering, the best model among them, obtains an
overall accuracy of 48.42%, which is still over 10% lower than the
overall accuracy of deep learning models. Moreover, feature engineering
is crucial to traditional machine learning algorithms. Even though the
applied feature engineering is simple, it helps random forest and
LightGBM improve their overall accuracy by 8.68% and 5.95%. None-
theless, due to the limitations of human-designed features, its repre-
sentation ability is still not as effective as the features generated by deep
learning networks leveraging data-driven representation learning. A
class imbalance problem also seriously affects the performance of ma-
chine learning models. For the machine learning algorithms with
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Fig. 9. Land use categories maps of Shenzhen: (a) reference map and (b) classification map by deep learning method, and (c) three zoom-in subsets of high-resolution
images, reference map, and classification maps with different satellite images as input.

unbalanced samples, the performance of some minority classes is
extremely low or even achieves zero Fl-score. Despite using over-
sampling methods to balance the data improved the performance of
minority classes as the table shows, such balanced data led to a signif-
icant decrease in overall performance. In terms of the computational
cost, deep learning models significantly outperform machine learning
which can be attributed to the end-to-end architecture of deep learning
models and its strength in tackling raw data input. Among the deep
learning methods, VGGNet is the most efficient, but its accuracy falls
behind the two lightweight models and WideResNet. WideResNet,
achieving the highest accuracy, demands more time than lightweight
models. Considering the trade-off between accuracy and efficiency,
MobiletNet emerges as a better option, serving as the basic model ar-
chitecture in the other experiments. Within the machine learning
methods, the computational cost of feature engineering nearly doubles
computational time, without gaining comparable accuracy improve-
ments to deep learning approaches. It highlights both the efficiency and
effectiveness of deep learning-based mapping. Fig. 11 presents the
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spatial distribution of land use parcels classified by Wide-ResNet
(Fig. 11b) and the reference data (Fig. 11a). From the three subsets
(Fig. 11c¢), it is evident that deep-learning-based methods (Wide-ResNet
and MobileNet) achieve higher consistency with reference distribution
than random forest. Thereinto, without manmade feature engineering,
the model taking flattened pixel values as input failed to classify easy
scenes such as the greenspace in example C.

3.3.3. Image scale

Table 5 presents the overall performance of MobileNet trained with
different resampling scales and also the performance for each original
scale group. The highest overall accuracy was obtained by the model
trained with the resized 384%384 pixels patches. The overall perfor-
mance shows an increasing trend from the size of 32 pixels to 384 pixels,
and then the performance fluctuates when the resampled scale keeps
rising. Additionally, the inference time increases with the size of the
resampling scale, which highlights a trade-off between achieving higher
accuracy and maintaining computational efficiency. By inspecting the
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Table 4

Classification performance of deep learning models and traditional machine learning models.
Methods OA wF1 Kappa Class-wise F1-score Inference Time (s)

101 102 201 202 203 204 301 401 402 403 501 502 503

VGGNet 67.07 66.51 60.65 83.51 75.47 45.88 50.00 26.37 24.39 75.78 66.23 22.99 74.07 50.42 55.76 16.22 78.76
MobileNet 67.59 66.83 61.04 82.35 75.77 45.96 80.00 33.57 40.86 74.59 64.32 11.27 84.21 51.72 54.59 27.64 98.25
ShuffleNet 67.20 66.06 60.54 82.85 75.19 43.04 54.55 25.96 34.67 75.82 62.29 21.62 76.36 51.28 52.36 24.41 107.04
ResNet18 66.43 65.16 59.48 81.79 75.35 39.47 50.00 28.57 29.27 73.74 61.20 8.82 73.47 51.38 53.69 23.24 80.25
ResNet34 66.09 64.67 59.07 81.42 73.52 41.15 66.67 21.68 37.04 72.83 64.62 10.96 76.00 46.73 56.25 20.72 96.90
ResNet50 65.17 63.20 57.98 79.72 71.96 42.06 0 20.69 35.62 72.33 64.51 6.56 76.00 48.00 53.52 13.76 113.39
ResNet101 65.19 63.56 57.81 78.39 72.45 43.29 50.00 24.70 22.50 73.28 62.67 8.82 80.00 48.40 53.03 19.82 131.61
WideResNet 68.80 67.34 62.27 83.8 76.41 44.84 75.00 29.66 31.58 75.88 65.37 11.76 82.35 56.46 55.41 17.57 111.19
DenseNet 64.39 63.70 57.43 79.29 74.02 41.25 44.44 22.44 37.97 71.13 62.46 14.63 82.14 43.97 53.53 23.79 151.44
ViT 62.28 62.64 55.51 80.31 70.56 45.14 44.44 21.66 11.11 72.71 62.57 6.06 78.43 51.23 49.57 16.19 102.59
ViG 61.13 61.03 53.96 75.22 71.72 41.38 28.57 17.86 27.74 67.46 63.99 15.52 73.68 51.64 51.25 16.36 165.06
LSTM 58.22 57.48 50.33 72.54 67.78 40.12 25.0 14.23 19.82 64.41 60.37 11.11 66.67 39.26 51.8 4.85 68.44
MLP 35.34 33.62 22.31 41.11 43.40 21.43 0 5.53 7.34 35.47 44.64 6.9 21.95 0 34.93 0 64.23
Without pretraining
MobileNet 62.26 61.90 55.05 76.74 70.3 41.56 50.00 18.77 25.23 69.67 63.47 15.22 70.00 54.90 54.46 15.71 98.15
WideResNet 61.38 59.67 53.13 76.22 70.26 30.92 66.67 19.38 2.82 69.27 58.36 5.19 76.00 43.56 49.75 12.79 110.06
Imbalanced samples
RF-F 37.97 32.54 21.61 28.12 47.93 1.47 0 0 7.69 46.38 48.31 0 0 0 19.46 0 279.63
RF-FE 46.65 42.21 33.62 52.12 51.54 8.86 0 4.85 7.14 55.46 54.24 0 12.50 1.50 32.45 3.73 580.23
LightGBM-F 42.47 37.73 27.48 37.81 54.27 5.59 0 1.15 4.00 48.19 45.61 0 6.45 0 35.52 0 279.42
LightGBM-FE 48.42 44.55 36.04 54.90 53.56 18.82 0 8.65 3.64 56.52 53.45 0 18.18 4.38 37.87 4.71 580.45
Balanced samples
RF-F 35.26 32.56 20.56 31.32 44.4 14.29 8.33 4.17 6.74 43.27 48.05 2.33 25.00 0 20.36 2.38 279.45
RF-FE 36.57 37.85 26.58 51.81 43.98 19.14 7.02 6.36 10.48 44.35 54.11 5.13 16.57 9.30 23.79 7.94 580.25
LightGBM-F 38.79 37.36 25.74 37.66 48.75 19.67 28.57 6.95 10.64 46.43 48.71 1.64 22.86 6.49 32.32 5.08 279.42
LightGBM-FE 40.26 40.98 30.37 53.61 45.29 21.23 15.38 14.72 11.36 48.95 54.96 8.18 25.81 12.69 30.63 6.58 580.51
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Fig. 10. Class-wise distribution (green box) of F1-score across different deep learning models and the amounts of samples (blue column) for each land use category.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

accuracy of each scale group, similar trends of accuracy like overall
performance can also be seen. Moreover, it can be found that not all the
groups obtained their highest performance at 384 pixels size. For
example, the images of scale group [200,300) got their best accuracy at
256 pixels size, while the highest accuracy of scale group [1500, +o0)
was achieved by a resampling size of 768 pixels. For small-scale images,
the peak was reached at small resampling sizes. As the image scale in-
creases, the optimal resampling size also increases. This is because, for
small-scale images, a small resampling size is sufficient to contain
effective information for land use classification. Although larger
resampling sizes can help large-scale images make better decisions, they
may bring no improvement in small scales but increase the unnecessary
computational burden. Therefore, it suggests that multi-scale attributes
of land use parcels should be carefully considered, adopting a more
effective way such as developing a scale-robust model or multi-scale
training rather than simply resampling to the same size.

3.3.4. Size of training and test samples

The quantitative results of deep learning models trained with
different amounts of training samples are listed in Table 6. As the size of
the training set gets larger, the overall performance experienced a rising
trend with higher amplitudes in smaller sizes and lower amplitudes in
larger sizes. It indicates that large training samples are helpful to
improve the model's performance and the effect conforms to the law of
diminishing marginal utility. It also demonstrates that even using a
fairly small sample set such as only 10% of the original dataset can allow
a deep learning model to achieve 60.94% in overall accuracy, which is
much higher than the traditional machine learning algorithms shown
before. Besides training size, we also investigated the impacts of
different sizes of the test set on the classification performance. The test
set is mainly used to validate the performance of models on a new
dataset and thus the larger sample size tends to represent a higher
confidence level of evaluation. From Fig. 12, we can see that a large
variance of evaluation exists when the sample size is small. As the
sample size increases, this evaluation uncertainty decreases. When the
ratio of the test set exceeds 40%, the standard deviation of the evalua-
tion metrics is <1%. This indicates that using less than half of the
samples can estimate the model's performance with relatively low un-
certainty. If users find this level of uncertainty acceptable, we can
transfer some of the samples from the test set to the training set,
allowing the model to benefit from more training data.
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3.3.5. Data input scheme

As shown in Table 7, the performance of using a bounding box input
scheme is better than only inputting the pixels inside the parcels. This
suggests that including more context information in the input can help
the model differentiate land use types. Then, we can also see that the
third scheme, a bounding box with a parcel mask got the highest per-
formance among the three schemes. It may be attributed to the input not
only containing the nearby information but also providing a mask of the
parcel indicating the area to which the model should pay more attention.

3.3.6. Spatial transferability

Transferability is one of the most important indicators that represent
how well the model will perform in unseen regions, especially for
mapping urban land use categories for country-scale or global-scale. We
tested the spatial transferability of MobileNet across Shenzhen, and the
statistical results are shown in Table 8. As a whole, the results demon-
strate that even in a city, spatial transferability is still a serious problem
which causes a major decrease of performance when a model trained in
one region is applied to another region in the same city. Each source
dataset achieves its best performance on the target datasets from the
same region. Among night results, the model both trained and tested
using Baoan datasets achieved the highest overall accuracy reaching
72.58%. For models trained using Baoan and Longgang datasets, they
have better transferability in each other regions and they both achieved
the worst performance on the OSZ dataset. It indicates that Baoan and
Longgang share more common urban land use patterns. This similarity
may be attributed to the fact that they are not the earliest special eco-
nomic zone since 1979 like the OSZ region, which makes both two re-
gions develop the urban area at a slower pace than OSZ. Fine-tuning
technique effectively enhanced the trained models' performance in the
target region, consistently yielding substantial improvement in OA,
wF1, and Kappa coefficient across six cases. Notably, the fine-tuned
models exhibited comparable or inferior performance relative to the
performance of models trained from scratch in the test region.

3.3.7. Levels of parcel hierarchy

Table 9 shows that obvious differences exist between the perfor-
mance of different parcel levels. Among them, Level-2 parcels obtained
the highest accuracy, which is over 69%, followed by Level-3 and Level-
1. Looking into the performance in specific classes, Level-1 indeed
performs worst in some classes, which is consistent with the overall
evaluation. Especially for 403 Harbor, Level-1 parcels degraded the
detection of this class dramatically. However, Level-2 parcels are not
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Fig. 11. Land use categories maps of Shenzhen: (a) reference map and (b) classification map by Wide-ResNet, and (c) three zoom-in subsets of high-resolution
images, reference map, and classification maps using different classification methods.

always the most suitable level for some classes, such as 201 Business and
finance and 202 Golf course. By contrast, better performance was ob-
tained by using higher-level parcels as input.

3.3.8. Purity of land parcels

The performances of models trained and evaluated by data with
different levels of purity are shown in Table 10. Among all results, the
model trained with high-purity samples and tested in the same purity
group achieved the best performance, with not only the highest overall
accuracy (78.89%), but also the best F1-score for class 101, 102, 401,
402, 502, and 503. The medium-purity groups also achieved satisfying
performance with an overall accuracy of 75.02%, ranking second in
these results. For low-purity data, the model achieved better perfor-
mance with an overall accuracy of 67.11% when it was tested in
medium-purity data. For each training group, all of them performed
worst on the low-medium test sets, which indicates that mixed land use
is still an important issue that should be carefully considered and
addressed in the land use mapping framework, otherwise it will
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significantly undermine the mapping accuracy. Moreover, we can see
that models trained with higher-purity datasets obtain better OA, wF1,
and Kappa in the entire test set. It suggests that when collecting refer-
ence data for developing deep learning models, the researcher should
prioritize the collection of high-purity data in order to train a better
model with limited labels.

4. Discussion
4.1. Insights from the experimental assessment

Our experimental investigation into urban land use classification in
Shenzhen reveals that generally, deep learning methods outperform
traditional machine learning methods, because of its automatic process
of feature extraction, transitioning from low to high levels through
multiple layers. The extraction of task-specific features is more advanced
and descriptive than the manually defined features often used in tradi-
tional machine learning (Penatti et al., 2015). Upon a deeper dive into
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Classification accuracy (OA) and computational time cost of multi-scale samples under the supervision of different resampling scales.

32 64 96 128 160 192 224 256 384 512 768 1024
Scale range
[0,200) 33.01 46.12 51.46 51.46 50.49 51.94 50.49 50.97 48.54 47.57 49.51 49.51
[ 200, 300 ) 42.39 59.23 59.23 62.68 61.46 61.05 63.08 64.71 62.07 60.45 62.07 62.47
[ 300, 400 ) 43.50 63.21 65.04 64.43 68.29 66.46 64.23 68.09 67.68 66.67 65.65 63.21
[ 400, 500 ) 46.72 62.93 63.13 64.48 66.99 66.60 66.02 64.67 70.08 68.92 66.22 67.18
[ 500, 600 ) 49.65 62.30 65.11 70.73 70.02 68.85 68.85 69.09 69.32 69.56 67.68 68.62
[ 600, 700 ) 47.60 71.86 73.95 71.26 74.55 72.46 78.14 75.15 78.14 75.75 75.45 73.95
[ 700, 800 ) 44.40 65.25 66.80 70.66 69.50 69.11 67.57 67.95 69.50 71.43 69.88 67.57
[ 800, 1000 ) 41.03 61.67 62.16 66.09 66.34 70.02 65.36 68.55 72.24 65.11 68.30 67.32
[ 1000, 1500 ) [36.49 53.83 60.81 60.81 62.84 63.51 64.41 60.36 66.22 62.84 65.32 63.06
[ 1500, o0 ) 30.65 55.17 59.39 65.13 61.69 64.37 67.43 65.13 62.84 66.28 68.97 65.13
Overall 42.34 60.69 62.85 64.91 65.71 65.71 65.84 65.97 67.41 65.86 66.15 65.20
Inference Time (s) 7138 71.64 72.48 89.01 96.38 96.84 100.1 102.22 109.35 121.35 153.88  203.45
Table 6
Classification performance of deep learning model trained on different ratio of training data.
Training Ratio OA wF1 Kappa 101 102 201 202 203 204 301 401 402 403 501 502 503
5 57.05 54.82 48.05 68.16 64.53 36.68 0 15.33 14.29 67.14 54.52 10.17 66.67 36.79 41.65 8.57
10 60.94 58.64 52.61 74.17 70.84 20.96 40 14.84 20.69 68.62 61.63 3.03 73.68 41.79 47.91 9.95
15 61.69 60.23 53.71 76.37 69.14 37.29 26.67 18.45 18.18 70.37 60.57 16.22 73.08 50 48.71 10.79
20 63.96 62.26 56.46 79.07 72.72 36.89 33.33 22.57 15.58 72.57 59.88 9.52 73.33 47.8 50.12 13.51
25 63.11 61.45 55.4 78.65 71.71 39.81 80 19.01 24.18 71.81 54.94 12.99 68.97 42.65 52.34 8.26
30 65.12 63.14 57.67 79.76 74.37 36.87 28.57 23.24 25 71.92 61.08 8.33 79.25 52.58 51.29 13.13
35 64.6 62.94 57.17 79.09 72.39 37.07 57.14 20.07 20.51 72.25 63.16 8.7 83.02 51.56 52.94 15.53
40 65.45 63.82 58.26 81.28 73.7 40.82 50 25.83 29.27 73.03 60.27 9.52 70.37 54.46 48.61 20.69
45 66.15 64.7 59.11 81.29 75.17 41.32 57.14 24.52 30.56 73.7 61.12 11.27 80.77 49.11 52.17 21.4
50 66.2 65.11 59.29 80.56 75.71 44.44 28.57 27.1 32.08 73.15 63.46 15.38 75.47 49.76 53.89 20.25
55 66.15 64.71 59.08 80.24 74.24 43.72 28.57 22.49 15.58 72.89 63.59 9.84 77.78 54.46 55.49 25.9
60 66.66 65.34 59.84 82.23 74.65 41 60 22.39 28.24 74.66 65.02 6.45 80.77 51.52 54.67 18.9
65 65.99 64.79 58.99 81.04 74.44 42.86 66.67 25.76 21.51 73.7 61.37 9.52 84.62 49.53 54.83 20.69
70 66.64 65.37 59.83 82.45 74.25 47.43 36.36 27.96 33.71 75.61 62.2 15.15 74.51 54.81 49.68 17.32
75 66.82 64.96 59.7 81.41 74.61 39.79 75 35.86 29.33 72.85 62.18 10.71 80 53.4 52.52 17.78
80 67.72 66.72 61.16 82.34 75.81 44.92 66.67 38.1 31.33 74.36 64.01 15.87 79.25 54.3 52.17 30.4
85 66.74 66 59.98 80.83 73.99 48.33 66.67 33.02 28.57 74.47 63.62 15.87 76 54.47 54.99 25.66
90 68.31 67.58 61.87 81.83 76.3 47.46 60 28.26 42.35 76.69 62.46 11.76 80.7 48.93 56 29.41
95 67.15 66.2 60.47 82.25 74.4 44.18 66.67 27.72 33.33 74.94 65.43 17.5 84.62 52.63 55.57 21.69
100 67.59 66.83 61.04 82.35 75.77 45.96 80 33.57 40.86 74.59 64.32 11.27 84.21 51.72 54.59 27.64

deep learning-based methods, we explored the impacts of various factors
and configurations on urban land use classification in three primary
areas: data, models, and samples.

Deep learning models are considerably influenced by the input data,
specifically in the context of band composition and spatial resolution
(Fan et al., 2021). Higher spatial resolutions offer rich and detailed
spatial information, enabling deep learning models to learn more
effective features related to land use functions (Huang et al., 2018). As
such, high-resolution data can compensate for the accuracy deficit
brought about by a reduced number of spectral bands and enhance
classification outcomes. However, solely using high-resolution data
without an effective classifier does not guarantee high accuracy. Our
experiments have shown that the full potential of classification capa-
bilities and satisfactory performance can be more potentially achieved
by incorporating high-resolution data and deep learning models.
Compared with Su et al. (2020)’s work that classified Shenzhen land use
categories using machine learning and multi-source data including
multispectral images, human activity features (Tencent Mobile-phone
locating-based service data), POI data, nighttime light data, and build-
ing survey, our method, which employs only deep learning models and
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high-resolution RGB images can achieve comparable classification out-
comes. This suggests that, through deep learning models, high-
resolution images can, to some extent, supplant multi-source data in
urban land use mappings. By feeding into very-high-resolution RGB
images only, Zhong et al. (2023) also indicated that deep learning is the
key to bridging the gap between high-resolution remote sensing data
and land use functions in the tasks of scene-based land use classification.
Nevertheless, for certain classifications, integrating diverse data sources
would be beneficial to further improve accuracy. For example, cate-
gories such as 402 Transportation Station and 501 Instructional and
research have low accuracies across all models in this study. The reason
is their similar visual representation in overhead areal imagery, irre-
spective of its spatial resolution. Using only spectral images to distin-
guish them can be a challenge, even with a powerful deep learning
model. In previous studies using traditional classifiers for land use
classification (Sun et al., 2020; Tu et al., 2020), incorporating additional
data such as POIs that record the categories of urban objects like schools,
train stations, and airports, can help the classifier to assign correct land
use categories to these indistinguishable land parcels. When applying
deep learning, this finding still aligns with the result of the experiment



Z. Lietal

Test set

70 A

Overall accuracy (%)

n (<2} [« (2] (] [«2}
oo o N A [} ©
1 1 1 1 1 1
]
1

(4.
(=2}
1

T T T T T T T T T T T T T T T T T T T T
0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95
Sample ratio (%)
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which adds POI density as auxiliary data for worldview images.
Although deep learning models significantly outperform traditional
shallow machine learning methods owing to the hierarchical learning
mechanism of deep neural networks (Hu et al., 2015; Zhao and Du,
2016), the results also indicate that there is no one-size-fits-all deep
learning model that guarantees the best performance across all cate-
gories. The selection of the model requires a trade-off among overall
accuracy, computational efficiency, and performance in categories of
interest, depending on the requirements of the tasks and applications.
Regarding the patch size of samples, the overall classification accuracy
dropped dramatically only in the extreme scenarios; otherwise, varia-
tions in accuracy were minimal. A similar empirical finding was also
summarized by Hu et al. (2015) who tested the effect of resizing data
with three scales into one scale. Besides, samples with different scales
also have their optimal resampling scale. Mainstream solutions are
designing effective model architectures that excavate multi-resolution
and multi-scale information and incorporate them together as the fea-
tures for classification (Du et al., 2021; Liu et al., 2018a). Due to the
difficulty of obtaining labeled data for the whole city, few studies have
been able to comprehensively probe into the impact of training and test
set sizes on the classification performance based on the complete data-
set. Zhao and Du (2016) investigated the effect of increasing data vol-
ume in a small and discrete label set and observed a continuous rise in
model accuracy when the size of the training set increased. In contrast,
with the complete dataset, Su et al. (2020) depicted a curve that rapidly
increases at an early stage and then gradually levels off, exhibiting the
same trend as our deep learning-based results. The results from Exper-
iment 5 confirmed that including additional information about a target
parcel's contexts and shape can boost classification performance. This
finding suggests the need to consider spatial relations between the target
object and its surroundings for accurate urban function inference.
Except for the straightforward methods utilized here for adding
contextual information, more advanced approaches such as designing
spatial context-aware modules (Zhao et al., 2017b; Zhao et al., 2022b)
and employing graph structures' topological relationship (Fang et al.,
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2022; Xu et al., 2022b) to leverage spatial contextual information in
identifying land characteristics have been demonstrated to significantly
improve accuracy as well. Model transferability, indicating a model's
ability to perform in unfamiliar regions without training data, is also
crucial. The results revealed that models show better transferability
when the source and target regions are closely matched in natural and
socioeconomic characteristics. It aligns with insights from the cross-city
scale investigation into land use classification model transferability
conducted by Chen et al. (2021a), which also identified regional simi-
larity as a key determinant of transferability. The finding could guide
model development for new regions by leveraging the proxy of region
similarity and provides a unique lens through which we might under-
stand how AI perceives cities.

Regarding different levels of parcel hierarchy, the variation mainly
arises from the effect of increasing region sizes and land use mixture
within the small region. Accounting for mixed land uses, there is a need
for careful sample selection and labeling. Typically, training samples
represent only a fraction of entire cities or regions to lessen the cost of
both labor and time in most of the mapping tasks (Gong et al., 2020;
Guzder-Williams et al., 2023). Thus, collecting high-quality samples is
essential for model building. Experiment 8 indicated that emphasizing
samples with consistent land use promotes better classification. For
cities with a high mix of urban land use parcels, including a moderate
number of mixed samples can aid in identifying low-purity parcels.
However, parcels with very low purity should be excluded to prevent
model contamination and accuracy reduction. In the meantime, models
with soft label supervision and multi-label classification might offer a
feasible solution to make full use of these mixed parcels (Hua et al.,
2019; Wu et al., 2022).

All eight experiments are conducted in Shenzhen, and the primary
reason for selecting this main site is the comprehensive land use in-
ventory and extensive dataset we have collected. This inventory
meticulously records urban land use functions at two levels of detail
throughout the city, providing a robust foundation for building effective
data-driven models. The abundance of precisely annotated labels makes
Shenzhen an ideal testbed for examining how variations in input data,
sample sizes, and models influence classification outcomes. The in-
ventory is particularly valuable not only for its detailed categorization of
land use types but also for its documentation of the degree of urban
function mixtures— a distinctive and crucial characteristic that allows
for an investigation into the impact of land use diversity on urban
function identification. Moreover, since becoming a special economic
zone in 1978, Shenzhen has undergone rapid and spatially diverse ur-
banization, resulting in a complex tapestry of land use patterns with
varied urban functions (Ng, 2011; Xiao et al., 2023). This makes it an
exemplary location for testing the spatial transferability of our models.
However, it is important to note that as Shenzhen is just one of many
megacities globally, the findings and conclusions drawn from this
experimental comparison might not be universally applicable. None-
theless, the experiments conducted here should provide a reference
framework to assist researchers and practitioners in identifying optimal
configurations for mapping urban land use patterns with deep learning
techniques in unfamiliar cities. Looking ahead, it is imperative to invest
more effort in gathering accurate and extensive urban land use data
from cities with different socioeconomic and political backdrops
worldwide. Such data will enable the derivation of broader insights and
more universally applicable guidance from our studies.

Table 7

Classification performance of deep learning models with three kinds of inputs.
Input Scheme OA wF1 Kappa 101 102 201 202 203 204 301 401 402 403 501 502 503
Parcel 67.59 66.83 61.04 82.35 75.77 45.96 80.00 33.57 40.86 74.59 64.32 11.27 84.21 51.72 54.59 27.64
BBox 67.80 66.59 61.13 81.69 75.44 48.10 40.00 27.76 51.16 77.23 64.40 27.40 85.19 53.27 46.97 26.67
BBox+Mask 68.19 67.12 61.64 81.83 76.30 47.46 60.00 28.26 42.35 76.69 62.46 11.76 80.7 48.93 56.00 29.41
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Table 8

Classification performance on target datasets using models trained with source datasets from the same or different sub-regions.

OA wF1 Kappa 101 102 201 202 203 204 301 401 402 403 501 502 503

Target

Source

32.73

58.56
41.02
48.68
48.04
65.17
52

55.56
29.56
51.85
41.19

50.6

66.67

41.38

1.6
0

71.43
61.11

81.82
62.67

79.09
34.95

48.98
76.27

53.33

47.5

0
0

17.39
10.71

70.21

83.04
62.71

65.48
40.52

71.42
50.80
68.58
42.66
62.86
68.6

Baoan 72.58

Baoan

4.79

10.17
0

14.56
22.64
15.27
21.82
21.05
21.76
32.50
13.29
29.09
14.81
20.19
47.50

48.13

51.12

Longgang

23.53
13.43
25.64
18.75

1.

65.00

100

85.56 72.29

62.64
35.53
55.06
62.67

70.32
49.17

Longgang*
Original

0

16.39
16.67

0

50.7

9.9

14.29
66.67

15.3
100

67.11

47.45

46.72

7211 89.47

50.0
0

51.92
14.29

6.

78.43
75

56.34

64.54

Original*

54.05
56.63
62.50
43.03
42.22

46.91

73.39

83.54

Longgang 70.32

Baoan

Longgang

83

44.97
62.44
46.54

5.83

55.34

74.63
80.77

2.67

29

50.71

71.72
84.28

58.74
69.68
39.88
62.74
63.88
47.43

68.71

59.55

27.45
7.87

66.67

16.00
0

59.35

47.06
6.4

0

23.08
15.31
55.93

44.8

69.19

63.51

70.98

Baoan*

54.72

30.91

21.05
66.67
66.67

0
0

33.29 38.75 66.93
54.82

44.89

Original

21.21
36.36

60.11

78.95

23.53
36.36
10.69

44.44 64.23
25.81
5.8
0

56.41

57.14

80.63

71.43
66.67

64.28

Original*

64.52

89.47
0

0

69.5

60.61

79.61

56.47
48.19

Original 65.31

Baoan

Original

13.99
31.37

50.93
55.56
42.77
46.91

37.33
51.61
36.36
54.05

54.88

68.63
77.90
56.51

5.13

11.15
27.27

62.19

71.15

57.44
70.13

71.83
59.21

42.86

2.5
0

67.06
58.77
70.69

82.06

69.16

62.19

Baoan*

18.45
15.79

25 8.66

15.13
0

44.58 43.18

67.34

52.65

Longgang

70.37

76.25

39.39

66.67

82.23

60.36

68.23

Longgang*

The target region with * represents that additional training samples are used to fine-tune the model pretrained in the source region.
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4.2. Challenges in deep learning for urban land use classification

4.2.1. Imbalance usage of data sources

The majority of existing deep learning-based methods in urban land
use classification emphasize imagery such as remote sensing images and
street-view photos. Limited studies incorporate alternative data,
including POI data and human activities data. Two major factors
contribute to this trend: first, CNNs have garnered substantial attention
due to their capabilities in computer vision and earth science (Gu et al.,
2018; Guo et al., 2016; Kattenborn et al., 2021). These networks are
naturally aligned with spatially continuous data, making them ideal for
imagery. As a result, much effort has been directed toward applying and
improving CNN-based models for these tasks, often sidelining other data
types that might be better processed using RNNs or GNNs. Second, for
deep learning models, it is vital to have sufficient input data paired with
accurate labels. With the increasing availability of remote sensing data
from different sensors and platforms, the wealth of data, combined with
its easy access and rich contexts, for example, the ISPRS Vaihingen &
Potsdam dataset, the Geofen Image dataset (Tong et al., 2020), and the
DeepGlobe 2018 dataset (Demir et al., 2018), all provide image-label
combinations for researchers to quickly test and validate their novel
approaches to refining CNN models. Consequently, such open datasets
significantly boost the progress in image-based land use classification
models.

4.2.2. Computational costs

In contrast to traditional machine learning, deep learning has higher
computational demands, particularly when dealing with large-scale,
high-resolution remote sensing images. While it is possible to manage
city- or country-scale research using basic neural network architecture
on local computational devices, challenges arise with increasing data
sizes, more complex models, or expanded study areas. These challenges
often push local devices beyond their computational limits, resulting in
slow processing times. High-performance computing (HPC) with
specialized computer clusters can cater to the intense computational
needs of deep learning models. However, setting up and maintaining
these HPC facilities is often beyond the reach of many researchers (Ma
et al., 2015b). This is where cloud-computing platforms like Google
Earth Engine (GEE), Amazon Web Services (AWS), and Planetary
Computer step in (Gorelick et al., 2017; Xu et al., 2022a). These plat-
forms leverage cutting-edge HPC techniques such as parallel and
distributed computing, and offer a plethora of tools, algorithms, and
datasets that empower researchers to efficiently undertake large-scale
earth science projects (Gupta et al, 2013; Yang et al., 2018).
Regarding deep learning algorithms, platforms such as GEE and Plane-
tary Computer have set protocols for their cloud-based implementation.
However, due to the limited flexibility and the high costs associated with
computational resources, only a handful of researchers fully developed
and deployed their deep learning models on these platforms.

4.2.3. Sample collection

The law of large numbers indicates that as the sample size grows, the
average of the results should approach the expected value. This principle
is fundamental in machine learning. Traditional machine learning
models tend to stabilize in performance when data reaches a certain
volume, while deep learning models continue to benefit from even larger
datasets (Alom et al., 2019). This underscores the importance of sample
collection in creating effective and generalizable deep learning models.
With the emerging concept of data-centric Al, the efficacy of deep
learning models is largely determined by the quality, quantity, and
reliability of data (Jarrahi et al., 2023). However, collecting large
amounts of high-quality and reliable urban land use samples poses more
challenges than natural image recognition or land cover classification
tasks. First, determining the scale of sample collection is intricate. The
scale should align with mapping requirements, with the pixel being the
finest mapping unit (Zhang et al., 2018a; Zhou et al., 2020). Many deep
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Table 9
Classification performance of deep learning model on different parcel levels.
Parcel level OA wF1 Kappa 101 102 201 202 203 204 301 401 402 403 501 502 503
Level-1 65.68 64.5 58.31 69.41 77.92 50 100 22.86 37.5 77.14 56.21 25 0 41.38 55.38 11.76
Level-2 69.28 67.9 62.5 82.59 75.83 38.83 50 26.09 29.09 79.57 53.2 24.24 80.85 52.73 58.17 19.8
Level-3 67.59 66.83 61.04 8235 7577 4596  80.00 3357  40.86 7459 6432 1127 8421 5172 5459  27.64
Table 10
Classification performance of deep learning model on different purity levels of parcels.
Train Test OA wF1 Kappa 101 102 201 203 301 401 402 501 502 503
>90 >90 78.89 78.17 74.11 94.15 86.55 41.18 35.29 81.45 78.46 53.33 43.33 65.08 43.37
60-90 66.44 64.38 58.6 80.79 72.37 51.52 27.69 80.67 32.38 0 50.91 44.72 28.07
<60 40.71 41.98 28.65 47.25 46.69 17.39 8.16 56.15 41.46 0 25 19.2 7.41
Overall 65.18 63.52 57.51 79.82 72.82 38.36 24.24 74.29 60.85 17.39 41.29 43.2 28.87
60-90 >90 65.18 64.99 57.76 86 75.09 39.29 36.36 75.6 28.38 40 43.48 42.97 21.43
60-90 75.02 73.94 69.15 86.36 83.78 45.45 41.98 83.17 37.29 16.67 72.41 71.09 13.33
<60 50.65 50.99 40.6 61.54 54.84 19.51 18.87 63.22 11.54 0 45.83 50.79 18.18
Overall 65.10 63.24 57.49 80.57 73.89 36.81 34.0 75.48 27.03 18.6 55.26 54.27 17.93
<60 >90 54.43 50.36 45.53 80.42 63.51 27.59 12.82 62.87 38.39 19.05 15.57 40.37 2.94
60-90 67.11 64.11 60.19 83.5 70.05 45.07 28.26 79.43 43.01 28.57 62.96 62.16 21.82
<60 50 48.86 40.69 57.42 45.85 9.3 25.81 63.64 50 16.67 50 52 28.07
Overall 57.81 58.09 49.57 76.02 62.41 30.23 22.41 69.63 41.73 20.69 45.59 51.56 16.67

learning models aiming for pixel-wise dense segmentation require large
numbers of training image patches with complete annotations for every
pixel, which demands a significant manpower commitment. For tasks
focused on objects or scenes, larger units are more likely to grapple with
the mixed land use problem, potentially compromising sample quality
(Du et al., 2021). Second, urban land use types often exhibit high sim-
ilarities between classes and certain variations within a class, making it
difficult to differentiate urban functions solely on image interpretation
(Zhu et al., 2022). To ensure sample reliability, the integration of mul-
tiple data sources or even onsite investigation is required, which can
largely reduce annotation efficiency. Third, the collection of urban land
use samples comes with specific prerequisites, requiring annotators with
relevant expertise in urban studies and data interpretation (Guzder-
Williams et al., 2023). Moreover, a consistent and comprehensive
annotation guideline is essential to mitigate label ambiguity and per-
sonal biases. Apart from the manual labeling, open data portals with
LULC labels and land use references from government agencies are also
feasible ways to collect samples.

4.2.4. Barriers to generating large-scale consistent urban land use
classification products

Many studies leveraging deep learning methods for urban land use
mapping often restrict their focus to a few selected cities or regions. The
efficacy of these proposed models on a broader scale remains unverified.
One critical factor that underpins the reliability of mapping methods for
untested cities is the models' generalizability. A model that excels not
just in the study area but also exhibits strong adaptability elsewhere is
ideal for mapping urban land use on a regional and global scale (Sri-
vastava et al., 2019). On the other hand, given that the current research
continues to enhance model performance on local scales, one possible
alternative might be to combine these localized results to form a global
output. A challenge, though, is the lack of consistency in the definitions
or classification schemes for urban land use categories across different
studies, which will further impede data aggregation (Yang et al., 2021).
While categories with a hierarchical structure can be grouped into a
broader superclass, this will also sacrifice the detailed granularity.

4.3. Future directions

4.3.1. Establishing a global sample library
Establishing a global sample library is of great significance for
mapping multi-scale urban land use categories across various regions or

23

countries. The diversity and representativeness of these samples criti-
cally affect the generalizability of trained models (Ma et al., 2018; Su
et al,, 2020). However, collecting samples aligning with these re-
quirements is laborious and time-consuming. We here suggest three
potential strategies to expedite this process. First, existing land use in-
formation, ranging from VGI samples to self-organized sampling cam-
paigns, and government-sponsored land-use maps, can be sourced and
streamlined into expansive sample libraries through crowdsourcing.
Second, time-series analysis techniques, such as inter-calibration and
change detection, can be used to expand sample sizes by identifying
consistent and stable data segments over time (Gong et al., 2019; Huang
et al., 2020a). Third, given the advent of well-trained land use classifi-
cation models over the past few years, these models can be utilized to
swiftly generate land use annotation in areas lacking samples. Though
some errors might be evident, they still provide certain references,
making the labeling tasks less labor-intensive. Moreover, generative
models can simulate realistic data, proving effective in supplementing
sample sizes and enriching data diversity, as evidenced in studies of
building and road classifications (Chen et al., 2022a; Lv et al., 2021).

4.3.2. Modeling with limited samples

Several opportunities can further improve land use classification
performance by leveraging advanced deep learning models tailored for
diverse situations. For example, semi-supervised learning (SSL), which
acts as a bridge between supervised learning and unsupervised learning,
can integrate both a vast pool of unlabeled data and a smaller set of
unlabeled data for specific tasks (van Engelen and Hoos, 2020). Weakly
supervised learning (WSL) aims to construct predictive models by
learning with weak supervision (Zhou, 2018). It can undertake fine-
grained tasks with broad labels, such as image-based, point-based,
line-based, and polygon-based annotations (Yue et al., 2022). This
approach simplifies the task of land use sample annotation and paves the
way for facilitating multi-scale land use mappings. Moreover, many
existing labeled samples, especially those sourced from crowdsourcing,
suffer from issues of inconsistent quality and uncertainty. With manual
verification of each sample being impractical, there is a pressing need to
develop deep learning strategy with noisy labels. This would empower
deep learning models to minimize the effects of such noisy labels and
converge to the optimal parameters. Transfer learning aims at trans-
ferring knowledge learned from the source domain to the target domain
to enhance models' generalization (Ma et al., 2024). The application of
transfer learning can span across different tasks, spatial scales, and time
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periods, offering a promising way for mapping large-scale urban land
use dynamics by taking advantage of knowledge from specific regions
and temporal snapshots. Last but not least, drawing inspiration from the
remarkable success of large language models, a series of foundation
models for geospatial data were developed and proposed recently, such
as Prithvi (Jakubik et al., 2023) by NASA and IBM, and Ringmo (Sun
et al., 2023). These models that are trained on large amounts of unla-
beled datasets via self-supervised learning will present a significant di-
rection for deepening our understanding of urban environments when
fine-tuned for specific tasks.

4.3.3. Interpretable Al

Despite the impressive accuracy across different tasks, deep learning
models have often been criticized for their black-box nature, which
obscures their interpretation and decision-making value (Hosseiny et al.,
2022; Montavon et al., 2018). Therefore, increasing the interpretability
of models is not only crucial for generating reliable land use classifica-
tion products but also central to collective collaborations among
different sectors. Moreover, delving deeper into the mechanisms by
which a model can get its corresponding predictions, can help scientists
and researchers to unveil new insights (Chen et al., 2023a; Reichstein
et al., 2019). These discoveries can inform the development of more
effective models, further enhancing the performance in land use classi-
fication tasks.

5. Conclusions

The emerging deep learning methods have proven to be powerful
tools for understanding land use information within urban areas in
recent years. Considering the current void of reviews placing focus on
deep learning-based urban land use classification, we undertook a
comprehensive survey on the advances of research by literature review
and empirical analysis. This study examined the models, data, mapping
units, and parameter settings and analyzed their impacts on the classi-
fication performance, aiming to provide in-depth and exhaustive guid-
ance for mapping practices. Extensive assessments of the Shenzhen
dataset, which investigated the impact of various factors on perfor-
mance, revealed several key insights into urban land use mapping
practices using deep learning. Higher spatial resolution and additional
spectral bands significantly enhance classification accuracy. Integrating
complementary data can improve accuracy when added to lower-
resolution data, yet may reduce performance in very high-resolution
datasets due to the potential introduction of noise. Although deep
learning models perform better than traditional machine learning
methods, complex deep learning models do not always outperform
simpler ones. The characteristics of foundational model architectures
should match the nature of the data being processed to maximize
effectiveness. The resampling scale of input data affects both accuracy
and computing time. Samples of different scales exhibit their own
optimal resampling size. Scale-robust architectures and multi-scale
training strategies should be carefully considered when using deep
learning to analyze samples of diverse image scales. Larger training
sample sizes effectively enhance deep learning model classification ac-
curacy with diminishing benefits, while larger test samples ensure a
more stable and reliable estimation of model performance with
decreasing uncertainty in classification evaluation. A better trade-off
between the sizes of training and the test set is the key to ensuring the
model efficacy and evaluation uncertainty. Spatial transferability re-
mains a significant challenge in urban land use classification. The deep
learning model still exhibited significant performance degradation in
new regions without fine-tuning. A good transferability practice of land
use classification should consider the similarity between regions. Due to
the issue of mixed land use, models trained on high-purity data can
achieve the best performance, highlighting the importance of priori-
tizing high-purity samples for training to effectively enhance mapping
accuracy. These findings collectively advance our understanding of the
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factors for a successful urban land use classification, providing a clear
framework for future practices. Furthermore, we summarized the
remaining key challenges from four aspects: the imbalanced develop-
ment of data, computational costs, sample collection, and barriers to
generating large-scale consistent products. As an evolving field in urban
studies, more efforts are expected in the compilation of a global sample
library, modeling with limited samples, and exploring the model's
interpretability and transparency. Overall, this review will hopefully
inform researchers and practitioners of guiding regional to global
mapping practices, facilitating global environmental changes and sus-
tainable land management.
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