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Remote Sensing (RS) has been used in urban mapping for a long time; however, the complexity and diversity of
urban functional patterns are difficult to be captured by RS only. Emerging Geospatial Big Data (GBD) are
considered as the supplement to RS data, and help to contribute to our understanding of urban lands from
physical aspects (i.e., urban land cover) to socioeconomic aspects (i.e., urban land use). Integrating RS and GBD
could be an effective way to combine physical and socioeconomic aspects with great potential for high-quality
urban land use classification. In this study, we reviewed the existing literature and focused on the state-of-the-art
and perspective of the urban land use categorization by integrating RS and GBD. Specifically, the commonly used
RS features (e.g., spectral, textural, temporal, and spatial features) and GBD features (e.g., spatial, temporal,
semantic, and sequence features) were identified and analyzed in urban land use classification. The integration
strategies for RS and GBD features were categorized into feature-level integration (FI) and decision-level inte
gration (DI). To be more specific, the FI method integrates the RS and GBD features and classifies urban land use
types using the integrated feature sets; the DI method processes RS and GBD independently and then merges the
classification results based on decision rules. We also discussed other critical issues, including analysis unit
setting, parcel segmentation, parcel labeling of land use types, and data integration. Our findings provide a
retrospect of different features from RS and GBD, strategies of RS and GBD integration, and their pros and cons,
which could help to define the framework for future urban land use mapping and better support urban planning,
urban environment assessment, urban disaster monitoring and urban traffic analysis.

1. Introduction
With the advent of the Anthropocene (Ellis and Ramankutty, 2008;
Steffen et al., 2011), urbanization is accelerating and the urban popu
lation is predicted to grow from 4.2 billion (57.5% of the world popu
lation) in 2018 to about 6.7 billion (69.1%) in 2050 (Seto et al., 2011).
Such increasing human-induced influences are changing urban land in
different dimensions from physical aspects (urban land cover) to so
cioeconomic aspects (urban land use) (Elmqvist et al., 2019; Hersperger
et al., 2018). A large number of high-accuracy urban land cover products
(mainly physical characteristics) at the annual level with relatively high

spatial resolution have been developed worldwide (Li et al., 2020a; Liu
et al., 2018; Zhou et al., 2018). However, urban land governance and
planning need more information on urban land use, which is particularly
complex and includes both physical aspects and socioeconomic aspects.
Unfortunately, high-quality urban land use products with timely and
accurate information related to human activities are still limited (Gong
et al., 2020). Understanding the start-of-the-art of existing urban land
use mapping efforts, considering both physical and socioeconomic
functions, would enable better urban land management and monitoring
(Martí et al., 2019; Yammine et al., 2018).
A wide range of satellite remote sensing (RS) data (e.g., Moderate-

* Corresponding author.
E-mail address: dongjw@igsnrr.ac.cn (J. Dong).
https://doi.org/10.1016/j.jag.2021.102514
Received 2 June 2021; Received in revised form 8 August 2021; Accepted 20 August 2021
0303-2434/© 2021 The Authors.
Published by Elsevier B.V. This is an
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

open

access

article

under

the

CC

BY-NC-ND

license

J. Yin et al.

International Journal of Applied Earth Observation and Geoinformation 103 (2021) 102514

findings and implications.

resolution Imaging Spectroradiometer (MODIS), Landsat TM/ETM/OLS,
Defense Meteorological Satellite Program Operation Linescan System
(DMSP-OLS)) have been used to study the structures, boundaries, and
areas of cities (Huang et al., 2021; Gong et al., 2019a; Schneider et al.,
2010). Nevertheless, the complexity and diversity of functional patterns
in urban areas cannot be captured well by using RS only due to limited
information (e.g. spectral, textural, and temporal information) from RS
techniques (Cao et al., 2020). Advances in information and communi
cation technologies make it possible to get access to geospatial big data
(GBD) (Li et al., 2016; Li et al., 2021; Yin et al., 2021). Fixed and mobile
sensors such as environmental sensors, cameras, webcams, social media,
or even urban residents through their regular activities (Wu et al., 2015)
create tremendous GBD every day. These data such as mobile phone data
(Gong et al., 2020), traffic trajectories (Yu et al., 2019), geo-tagged
photos (Cadavid Restrepo et al., 2017; Krylov et al., 2018), Points of
interest (POIs) (Yin et al., 2021) and social media data (Huang et al.,
2018) provide an alternative approach to uncover how cities function
(Ye et al., 2016). It is possible for examining the physical and socio
economic characteristics of the urban land system by taking both the
advantages of RS and GBD (Qi et al., 2019; Song et al., 2021; Zhang
et al., 2021a; Xiong et al., 2021; Zhang et al., 2021b).
Despite the great potential of integrating RS and GBD for providing
better insights into urban land use, it is challenging to combine them due
to the differences in the spatial data quality (e.g., semantic, timestamp,
and scale), technical format, and data structure (Liu et al., 2015).
Summarizing the features of RS and GBD and integration strategies in
the literature are needed for guiding future studies and help to under
stand more detailed urban functional patterns.
In this context, this study examined the literature on the nature of RS
and GBD, as well as their integration strategies in urban land use clas
sification, and identified the opportunities and challenges for synthe
sizing RS and GBD (Table S1). The primary objective of this paper is to
review the state-of-the-art in this field by considering (1) the key char
acteristics of RS and GBD and (2) the methods for integrating RS and
GBD. We consider only satellite-based RS and do not consider RS data
obtained from airborne platforms. This review is organized into six
sections. Section 2 summarized the transformation from urban land
cover to urban land use. In section 3, we summarized the commonly
used RS and GBD features for urban land use categorization. In Section
4, the integration strategies were analyzed systematically. In Section 5,
we discussed the challenges and potential applications of the integration
of RS and GBD on urban land use maps. Section 6 concluded the main

2. Evolution from urban land cover to urban land use
Using satellite data to map urban land cover has a long history
(Howarth and Boasson, 1983; Patino and Duque, 2013; Reba and Seto,
2020). Examples of existing efforts for global urban land cover products
that have been derived from RS are shown in Table 1. The data source,
the nomenclature of urban land, spatial resolution, time period, and
reference for each global urban land cover map were summarized. Most
urban land cover maps were obtained from coarse spatial resolution
images (100 m-10 km), such as MODIS and Advanced Very HighResolution Radiometer (AVHRR) (Friedl et al., 2002; Schneider et al.,
2010). With the substantial progress of RS techniques, recent maps were
derived from moderate spatial resolution images (10–100 m), including
Satellite Pour l’ Observation de la Terre (SPOT) and Landsat images
(Deng et al., 2019; Li et al., 2020a). The time period of these global
urban land cover products has transformed from a single period to
repeated observations, which could provide better quality and time se
ries urban land cover information (Gong et al., 2019a; Li et al., 2020b).
Overall, these global urban RS studies focused on the identification of
physical urban attributes (e.g., impervious surface, built-up areas, arti
ficial surfaces, and urban extent) that have provided opportunities for a
better understanding of global urbanization’s effects on human civili
zation and the environment (Zhu et al., 2019). Despite the aforemen
tioned extensive applications of RS data for mapping urban land cover,
more specific information of inner-urban functions cannot be retrieved
by using RS only (Li et al., 2017a; Liu et al., 2015).
The demands for urban land products have changed gradually, with
increasing information needs on socioeconomic properties, emphasizing
a transformation from urban land cover to urban land use (Fig. 1). The
multi-sourced GBD can contribute to the understanding of socioeco
nomic characteristics of urban land use, and identify how people use
lands (Srivastava et al., 2018; Zhang et al., 2019a; Zhao et al., 2018).
Recently, GBD has been used in conjunction with RS data to extract
urban land use information (Liu et al., 2020a; Shi et al., 2019). There
fore, understanding characteristics derived from RS and GBD and their
integration methods are necessary for urban land use mapping (Li et al.,
2017a; Qi et al., 2019).

Table 1
Comparison of existing global urban land cover products.
Products

Data

Nomenclature of urban land

Spatial
resolution

Time period

Reference

GLCC
UMD1km
GRUMP
GLC2000

AVHRR
AVHRR
VMAP, Census data, DMSP-OLS, Maps
SPOT-Vegetation, DMSP-OLS

1 km
1 km
1 km
1 km

1992,1993
1992,1993
1995
2000

IMPSA
NTL-Urban
MOD500

DMSP-OLS
DMSP-OLS
MODIS

1 km
1 km
500 m

2000
1992–2013
2001–2017

Loveland et al., 2000
Hansen et al., 2000
CIESIN et al., 2011
Bartholomé and Belward,
2005
Elvidge et al., 2007
Zhou et al., 2018
Friedl et al., 2002

GHSL

Fine-scale satellite imagery, census
data, and OSM
SPOT-Vegetation

Built-up areas
Urban and built
Urban extent
Artificial surfaces and associated
areas
Impervious surface
Urban extent
Non-vegetated, human-constructed
elements
Built-up areas

500 m

1975, 1990, 2000, 2015

Pesaresi et al., 2013

300 m

2005, 2009

Arino et al., 2007

SPOT-Vegetation
Landsat TM/ETM+
Landsat TM/ETM+
Landsat TM/ETM+
Landsat TM/ETM+/OLI
Landsat TM/ETM+

Artificial surfaces and associated
areas
Urban extent
Artificial surfaces
Built-up and settlement extent
Impervious surface
Impervious surface
Impervious surface

300 m
30 m
30 m
30 m
30 m
30 m

Defourny et al., 2018
Chen et al., 2015
Wang et al., 2017
Colstoun et al., 2017
Gong et al., 2013
Liu et al., 2018

TerraSAR-X, TanDEM-X
Sentinel

Built-up areas
Impervious surface

12 m
10 m

1992–2015
2000, 2010
2010
2010
2010, 2015, 2017
1990, 1995, 2000, 2005,
2010
2011
2017

GlobCover
CCI-LC
GlobaLand30
HBASE
GMIS
FROM-GLC
Global Urban
Land
GUF
FROM-GLC10

2

Esch et al., 2012
Gong et al., 2019b
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Fig. 1. Transformation of the need for urban land products from physical attributes to socioeconomic attributes due to enhanced anthropogenic activities. The three
boxes above represent the transformation from urban land cover (e.g., impervious surface and pervious surface) to urban land use (e.g., traffic, institution, urban
lake, residential green space, and others). The box below refers to the enhanced human impacts on urban areas. It should be noted that the change of area proportions
of different urban land use types is not reflected in Fig. 1. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version
of this article.)

3. RS and GBD features for urban land use mapping

procedure for urban land use recognition because the performance of
urban land use maps relies heavily on these features. The purpose of this
section is thus to introduce several commonly used RS and GBD features

The extraction of RS and GBD features is the most essential

Fig. 2. Summary of the features of RS and GBD. The dotted black box and red box in the middle show the commonly used RS data (e.g., MODIS, Landsat, Sentinel)
and GBD (e.g., traffic, social media data, geo-tagged photos), respectively. The upper dotted black boxes represent the features (spectral, textural, temporal, and
spatial) extracted from RS, while the dotted red boxes below represent the features (spatial, temporal, semantic, and sequence) extracted from GBD. (For inter
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
3
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for categorizing urban land use types (Fig. 2).

structures, demonstrate remarkable capacity in image represen
tation and understanding in these studies. Traditional approaches
such as Random forest models (RF), Support vector machine
(SVM), and Decision tree (DT) can only process basic features (e.
g., spectral, textural, and temporal features) from RS images. Due
to the fine structural information (i.e., spatial details) of urban
land use in VHR RS images, VHR RS images were found to be
commonly used by deep learning techniques for obtaining urban
land use information (Ma et al., 2019).

3.1. RS-based features
The features derived from RS images used in urban land use classi
fication could be categorized into spectral, textural, temporal, and
spatial features (Gong and Howarth, 1989; Zhu et al., 2017). Among
them, spectral and textural features are common characteristics of RS
data to extract urban land use information because different textures
and spectra could reflect different urban land use types (Zhu et al.,
2019). The temporal features have proven beneficial for improving
urban land use maps by providing valuable information (e.g., time series
information) on urban land use types (Zhu et al., 2012). Recently, deep
learning techniques provide new possibilities for extracting spatial fea
tures automatically from the very-high-resolution (VHR) satellite im
ageries such as WorldView-3, Gaofen-2, and SPOT-5 (Zhang et al.,
2020). Spatial features could help classify urban land use at a very
detailed level (Zhao et al., 2019). The details of the RS features are
specified as follows.

3.2. GBD-based features
The development of mobile positioning, wireless communication,
and the Internet of Things (IoT) provides opportunities for the rapid
growth of big data (Kitchin, 2013). According to Kitchin and McArdle
(2016), big data is defined in part by its large size and in part by its
characteristics, such as volume, variety, and velocity. Liu et al. (2016)
further defined the characteristics of big data as exhaustivity, relation
ality, veracity, value, and variability. In the IBM Annual Report, 2.5
terabytes of data are generated every day, with 80% of these data
(pictures, texts, and videos) being geo-referenced or capable of being
geo-referenced. Therefore, a large proportion of big data is likely to be
the GBD (i.e., big data with geographical reference). GBD is generated
every day mostly by fixed and mobile sensors such as environmental
sensors, cameras, webcams, social media, or even residents’ daily ac
tivities (Brovelli et al., 2015).
The most commonly used GBD for land use mapping are social
sensing (SS) (Liu et al., 2015), citizen sensing (CS) (Jiang et al., 2016),
social media data (SMD) (Ilieva and McPhearson, 2018), and vol
unteered geographic information(VGI) (Goodchild and Glennon, 2010).
The descriptions of SS, CS, SMD, and VGI are provided in Table 2. The
contents and concepts of SS and CS are much broader than GBD. SS data
is used in a variety of applications besides urban land use mapping. CS
does not contain the data produced by companies and institutions and
VGI focuses on user-generated data. However, the term GBD encom
passes all of these above-mentioned geospatial data.
Each record of GBD contains spatial, temporal, semantic, and/or
sequence information associated with individuals reflecting human
behavior, although the quality of this information may vary in space and
time (Fig. 2 and Table 3). Due to the high correlation between human
spatiotemporal activities and urban dynamic socioeconomic attributes,
these emerging GBD can help to capture the growing complexity of
urban functional patterns (Wu et al., 2018). Therefore, in order to better
classify and understand urban land use, we add GBD to the identification
of socioeconomic and human activities.

(1) Spectral features: Generally, the spectral features of urban land
show lower reflectance in the near-infrared region (NIR),
comparing to vegetation, which has higher reflectance in NIR
(Herold et al., 2003). Additionally, the spectra for the visible,
short-wave infrared region (SWIR) and microwave regions were
also found to be suitable for characterizing urban objects (Heiden
et al., 2007). Recently, spectral features from the increased
number of bands (e.g., from Landsat to Sentinel-2) provide an
opportunity for the acquisition of detailed information on the
physical attributes of urban land use, but it also leads to data
redundancy due to the high correlation between adjacent bands
(Okujeni et al., 2018). Liu et al. (2020b) and Zhang et al. (2017b)
extracted spectral features from RS imagery for classifying urban
land use. Both the methods calculated the mean and standard
deviation of each band by using a certain window.
(2) Textural features: Textural features contain rich information of
the spatial distribution of tonal changes, as well as the structural
arrangement of surfaces and their relationships to the surround
ing environment (Gong and Howarth, 1989; Haralick et al.,
1973). Different textures (e.g., coarse, smooth, rippled, irregular,
and lineated) show different image characteristics, such as ho
mogeneity, linear structure, and contrast (Kuffer et al., 2016;
Wurm et al., 2017). Therefore, textural features could help to
increase the accuracy of land use categorization in heterogeneous
landscapes (Jin et al., 2014; Pacifici et al., 2009), where ground
objects with different sizes, patterns, structures, and shapes coexist (Lu and Weng, 2006).
(3) Temporal features: Temporal features refer to the differences
caused by the changes in the spectral and textural features of
urban surfaces over time. Due to the seasonality of vegetation
growth, it has proven to be effective in improving vegetation and
other land cover mapping accuracy (Dong and Xiao, 2016; ZuritaMilla et al., 2013). The extraction of urban land usually tends to
be less accurate in the autumn and winter due to more bare land
(Weng et al., 2009). However, it is still a challenge to distinguish
the variety of processes that generate different time series, for
example, due to climate, topography, and terrestrial vegetation
(Pflugmacher et al., 2019).
(4) Spatial features: Along with spectral, textural, and temporal
features, the most commonly used feature extracted from RS data
is the spatial feature. Recent studies used deep learning tech
niques such as the supervised convolutional neural network
(CNN) models and unsupervised autoencoders (AE) models to
extract spatial information automatically from RS images
(Reichstein et al., 2019). Deep learning algorithms, which extract
high-level spatial information provided by hierarchical

(1) Spatial features: Almost all GBD can provide spatial information
(Table 3). For example, the OSM has proven to be a useful spatial
Table 2
Comparison of concepts related to GBD in previous studies.
Concepts

Refs.

Description

Social Sensing (SS)

Liu et al., 2015

Citizen Sensing (CS)

Jiang et al., 2016

Social Media Data
(SMD)

Ilieva and
McPhearson,
2018
Goodchild and
Glennon, 2010

A series of data sources with
spatiotemporal information which
record human activities, as well as
the methods and applications based
on such data source.
Datasets contributed by citizens
provide benefits for themselves and
policymakers.
Information of ‘big data’ from social
media such as Facebook, Flickr, etc.

Volunteered
Geographic
Information (VGI)

4

Geographic data provided
voluntarily by people use
technologies to generate, assemble,
and disseminate information.
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opinions, locations, time, and places. For example, Mitchell et al.
(2013) generated a method for analyzing the correlations be
tween human being’s real-time expressions and others like
emotional, geographic, and demographic characteristics.

Table 3
Summary of the GBD and relevant features used in urban land use mapping.
Data sources

Spatial
features

Temporal
features

Mobile phone
data
Traffic data
Social media
data
Geo-tagged
photos
Maps
Search
engine data
Smart card
data

√

√

√
√

√
√

Semantic
features

4. Integration of RS and GBD for urban land use mapping
√

√

√

√
√

√

√

Sequence
features

The RS and GBD features can be then combined using different ap
proaches for urban land use categorization. According to the fusion
mode between RS and GBD features, RS and GBD integration techniques
in the literature could be divided into feature-level integration (FI) and
decision-level integration (DI).

√

√
√

√

4.1. Feature-level integration
In FI-based classification, RS features (e.g., spectral, textural, tem
poral, and spatial features), and GBD features (e.g., spatial, temporal,
semantic, sequence features) are first extracted. These features are fused
into integrated feature sets for urban land use classification (Fig. 3).
Several efforts have been made for extracting urban land use infor
mation using the FI method (Bao et al., 2020; Chang et al., 2020; Hu
et al., 2016; Zhang et al., 2017a). For the study unit of the FI-based
classification, most studies utilized parcel-level or object-level as the
study unit since object-level or parcel-level units are compatible with
both RS features and GBD features (Liu et al., 2017). To be more specific,
the format of the RS features is usually grid, while for the GBD features is
various. It is thus necessary to unify the two kinds of features. Parcellevel classification units can be generated by using the OSM road
network or other road data (Huang et al., 2020). The urban parcels are
obtained by removing the road buffers from the study site. Sometimes,
the study site should also exclude the rivers according to the actual
situation. Furthermore, the elevated road in cities would interfere with
the segmentation results and need to be considered. Pixel-based and
grid-based units are also used for FI-based urban land use classification
(Dong et al., 2020).
For the feature extraction stage, the FI-based classification method
extracts RS and GBD features respectively. For example, Zhang et al.
(2019b) delineated physical features including spectral features (e.g.,
mean and standard deviation for each band), textural features (e.g.,
contrast, entropy, correlation, and homogeneity for each band) from RS
for urban land use categorization by integrating GBD features (e.g., POI
words and real-time Tencent users words). Sun et al. (2020) extracted RS
features (spectral and textural features), GBD features (POI frequency,
POI spatial distribution), and other features to train the RF classifier for
recognizing urban functions (e.g., residence, business, and industries).
In the feature integration stage, the FI method usually classifies RS
and GBD features by using machine learning techniques such as RF
classifier, SVM, and DT. For example, Gong et al. (2020) proposed a
research method that is extracting several features from RS and GBD for
training the RF classifier, which has proven to be a new way for mapping
urban land use over large areas. Du et al. (2020) generated urban
functional zones by removing road buffers, and then the functional
zones were classified by coupling Latent Dirichlet Allocation (LDA) and
SVM. The proposed method is promising for urban land use mapping
over large areas. Recently, deep learning techniques such as CNN and AE
models are also used for urban land use mapping, which could help
improve the classification performance (Mao et al., 2020).

data source including land use information like buildings, roads,
and parks (Helbich et al., 2012), which could be used to extract
training pixels from RS images for classifying urban land use
types (Johnson and Iizuka, 2016; Wan et al., 2017). Google maps,
Gaode maps, and other maps have also been successfully applied
to urban land use mapping (Xu et al., 2020; Zhang et al., 2020).
Furthermore, social media data can provide indirect spatial
location data (Long et al., 2018; Yao et al., 2018), for example,
Zhan et al. (2014) inferred the urban land use types in Now York
city by using check-in social media data on Twitter.
(2) Temporal features: There are many examples of data sources (e.
g., mobile phone data, traffic data, social media data, and smart
card data) with temporal features that could reveal the mobility
patterns of human activities (Pan et al., 2013; Wu et al., 2018).
For instance, Gong et al. (2015) analyzed the spatiotemporal
characteristics of nine daily activity types referring to the trip
purposes of taxi trajectory data. Shi et al. (2019) extracted the
temporal variation in WeChat (i.e., WeChat is China’s most
popular messaging app) user density from different land use
categories for urban land use classification combined with RS
data. The activities of human beings with temporal features can
be determined to indicate the social function and patterns of
urban land use (Chen et al., 2017; Frias-Martinez and FriasMartinez, 2014; Pei et al., 2014).
(3) Semantic features: Photographs are an important element of
GBD. Examples include street view photographs, crowd-sourced
geo-tagged photos, and social media photos (Kang et al., 2018;
Xu et al., 2017). Semantic features obtained from photographs
have much in common with those obtained from RS data. How
ever, there are also important distinctions that present challenges
for analysis. RS is usually undertaken by national and interna
tional organizations following established scientific and engi
neering principles, including regular acquisition cycles (Ursula
et al., 2004). While crowdsourced photographs may be acquired
by a range of organizations (e.g., Google Street View) and private
individuals. They provide fine-resolution data, but the spatial and
temporal sampling may be ad hoc, and the quality can be highly
variable (Hu et al., 2015). Recently, with the development of
image recognition and deep learning technology, extracting se
mantic features from photographs and applying them to the
perception of places have become possible (Xu et al., 2017).
(4) Sequence features: Social media data and search engine data have
become an important source of GBD in current research (Zheng
et al., 2019). Studies utilizing sequence features mainly include
the following three aspects (Long and Liu, 2017): (a) to obtain the
evaluation index or topic of a place; (b) to obtain information on
emotions related to the place, such as happiness or depression
(Yang and Mu, 2015; Zheng et al., 2019); (c) to identify public
attention to hot events, such as disasters, diseases, and accidents.
Specific examples of sequence information include sentiment,

4.2. Decision-level integration
For categorizing urban land use, DI-based classification combines
RS-based classification results with GBD-based classification results. To
be more specific, RS and GBD features are evaluated independently
before being integrated for urban land use mapping utilizing various
modes and methods (Fig. 4).
Compared to the FI method, the basic unit for the DI method is more
5
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Fig. 3. FI-based categorization strategies.

Fig. 4. DI-based categorization strategies.

diverse (Chang et al., 2015). The characteristic of DI-based classification
is to combine the RS-based classification and GBD-based classification
for extracting urban land use information. It is thus not necessary to
unify the spatial units for RS-based classification and GBD-based clas
sification, and the spatial units for the two classification methods will be
different. For example, Jia et al. (2018) first classified Gaofen images
and mobile phone positioning data by using a support vector machine,
and then the two classification results were fused for mapping urban
land use based on grid-level units. Tu et al. (2018) utilized the hierar
chical cluster analysis to combine RS-based landscape metrics and GBDbased human activity metrics for investigating urban functional patterns
in terms of object-based units. In addition, Zhao et al. (2019) delineated
the geographical object by using OSM data to train the CNN model. Chen
et al. (2018) identified urban green space by utilizing parcels generated
by the OSM road networks as the basic units.
There are several methods for the integration of the RS-based clas
sification and GBD-based classification in the DI method based on
certain decision fusion strategies such as hierarchical clustering, over
laying, and labeling (Anugraha et al., 2020; Liu et al., 2020b; Xu et al.,
2020). For example, Xu et al. (2020) proposed a framework that extracts
spatial geographic characteristics from RS images by using deep neural
networks and functional distribution characteristics from POIs, and
further normalized the two results to identify urban functional regions.
Song et al. (2018) used an object-based approach to generate urban
objects by using RS data. Then, the objects were further classified and
aggregated using POIs. Furthermore, Zhong et al. (2020) presented a
method by using the rule-based category mapping (RCM) model to
integrate RS-oriented results and GBD-oriented results for extracting

urban functional zones. In Zhong’s work, POIs data and RS images were
classified through different machine learning methods based on the
parcel-level unit, then the two results with different classification sys
tems were combined by weighting the word frequency within each
parcel.
5. Discussion
5.1. Advantages and disadvantages of FI-based and DI-based
classification
The FI method lies in the realization of considerable information
compression of RS data and GBD, which is conducive to real-time pro
cessing. This method has the advantages of a low level of human
intervention and short processing time. In addition, feature optimization
and deep interactions between RS and GBD features can be achieved.
Several studies have been analyzed to quantify the relative importance
of independent features in the FI method (Zhang et al., 2019b).
Furthermore, heterogeneity may occur from variations in data quality,
time periods, data formats, and data scales, between RS and GBD,
resulting in different representations, descriptions, and interpretations
of the goal.
The DI-based classification method has been a fundamental contri
bution of integrating RS and GBD to urban knowledge (Cai et al., 2017;
Zhao et al., 2019). RS and GBD features could be calculated and pro
cessed respectively in the DI method, which avoids the feature inte
grating and conflicting issues. Specifically, RS and GBD with various
features could be processed by different methods, and then integrated by
6
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certain models. However, the accuracies of DI-based classification are
affected by the two kinds of processing procedures because the mapping
results are obtained by overlapping RS-based classification and GBDbased classification. It is thus important to control the procedures for
both RS and GBD classification for high accuracy and better
performance.

Furthermore, the fast growth of cloud computing platforms offers a
promising solution for processing large amounts of RS data and GBD. For
example, Yin et al. (2021) processed the Sentinel images and POIs data
for urban land use classification by using the Google Earth Engine (GEE).
GEE could provide a range of data processing methods as well as RS
images at various temporal and spatial scales, which is beneficial for
improving data computing difficulties (Gorelick et al., 2017). In addition
to GEE, other platforms such as Earth Observation Data Center and the
Amazon Web Services have also been used for analyzing RS data and
GBD on urban land use classification. Furthermore, it is necessary to
consider auxiliary data (e.g., census data, statistical data, weather data,
hydrological data, and digital elevation data) for more space- and timereferenced information on urban land use classification that integrates
RS and GBD (Taubenböck et al., 2009).

5.2. Limitations and future consideration for RS and GBD integration
The main limitation is that the modality gap (data structure, data
format, and data quality) between RS data and GBD, which brings dif
ficulty for the integration. GBD has different sources (modern sensors,
geo-tagged web, ground surveying, mobile mapping, and social media
platforms), spatiotemporal resolution, and structures from that of RS
data (Ali et al., 2017). For example, the data formats of GBD include the
image, geo-tagged text, video, and vector. Comparatively, the most
commonly used RS data is a raster (Zhu et al., 2019). Furthermore, GBD
is not collected evenly across space because the composition of partici
pation (i.e., sensors, platforms, and social habits) in GBD varies across
political, cultural, demographics, and commercial factors, while RS data
usually has spatially consistent observation frequencies (Chen et al.,
2020; Yu et al., 2018). Some areas might have the data sparsity issue of
GBD, which might present problems for mapping based on the integra
tion of RS and GBD owing to the lack of GBD. More specifically, social
networking platforms such as WeChat, Sina Weibo, and Tencent are
widely used in China, while Twitter, Facebook, and Instagram are more
popular in Western countries (Li et al., 2018; Wang et al., 2016; Zhou
and Zhang, 2016). The emergence of deep learning technologies pro
vides an opportunity to bridge the gap between different data
modalities.
The advances in classification algorithms, computing platforms, and
data sources are beneficial for mapping urban land use by integrating RS
and GBD. Deep learning, as a novel branch of machine learning, estab
lishes fundamental parameters about the data and trains the computer to
learn on its own by detecting patterns using a multi-layered approach
(Reichstein et al., 2019; Zhu et al., 2017). Several studies have shown
that deep learning is particularly effective in integrating RS and GBD for
urban region function recognition (Ma et al., 2019; Qin et al., 2018).

5.3. Potential applications of urban land use maps derived from RS and
GBD integration
Urban land use maps integrating RS and emerging GBD provide more
potential in urban management such as urban planning, urban envi
ronment assessment, urban disaster monitoring, and urban traffic
analysis (Fig. 5).
A more scientific and efficient urban planning system will benefit
from the urban land use map integrating RS and GBD. For example, Xing
and Meng (2018) extracted urban land use information by integrating
landscape metrics from RS images and semantic features from GBD,
which plays as an indicator in urban planning and management. Chen
et al. (2018) identified urban green space (e.g., municipal park, com
munity park, etc.) by extracting land cover features from RS data and
land use features from POIs for the urban green space planning, which
could assist government departments in urban green space planning. In
general, integrating RS and GBD would help to improve the city function
from the “hard” physical environment and the “soft” services. The
addition of GBD for urban land use maps with adequate and timely in
formation could enhance the feedback loops of urban insights for urban
governors and panners.
The current advances of urban land use maps that integrate RS data
and GBD make it capable of monitoring urban environments such as

Fig. 5. Urban land use map integrating RS and GBD for urban management.
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urban heat island and air pollution (Halim et al., 2020; Masoudi et al.,
2021; Venter et al., 2020; Wang et al., 2021). For example, Song et al.
(2019) analyzed the relationship between urban functional regions and
air pollutant emissions and presented a cost-effective way of mapping
spatiotemporal patterns of air pollution by utilizing the urban land use
map that integrates RS images and POIs. Luan et al. (2020) quantified
the impacts of urban natural surfaces and non-surface human activities
on urban heat islands by using RS data and GBD, and explored the re
lationships between urban heat islands and urban land use patterns. This
evidence demonstrated that air pollution concentrations are associated
with RS-based urban land cover (e.g., industrial layout) as well as GBDbased urban land use (e.g., travel behavior). Other applications have
also proved that the spatial patterns of the urban environments have
strong relationships with the urban land use patterns (Pan et al., 2013).
Massive information from urban land use maps that integrate RS and
quick-updated GBD is generated continuously and dynamically,
providing resources to aid in disaster analysis of historical and future
occurrences (earthquakes, fires, or floods) (Huang et al., 2017; Li et al.,
2017b). For instance, Li et al. (2019) reviewed recent research that
utilized RS and GBD for urban disaster information detection including
the suffering area, suffering location, and suffering pattern, which pro
vided a useful method for disaster management. Furthermore, Cervone
et al. (2016) proposed a novel framework for urban damage assessment
under severe weather by using RS images and real-time Twitter data,
which were then combined with other GBD in order to get abundant
information in disaster areas. Quickly updated urban land use maps that
integrate RS and GBD with fine spatial resolution could support urban
disaster management by providing unprecedented reference data.
Up to date, urban traffic conditions have become serious problems
that threatening human’s daily living quality. Several studies have been
made on the comprehensive analysis of urban traffic by taking advan
tage of RS data and GBD on urban land. Applications in traffic quality
analysis, for example, classifying Shanghai city into six traffic “sourcesink” areas according to the pick-ups and drop-offs of traffic data and
LandScan product (Liu et al., 2012). Improved urban land use maps
could also provide technical support for the transportation of the Smart
Cities (Zanella et al., 2014). A thorough perception of urban traffic
conditions could be achieved through the integration of RS and GBD.
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