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A B S T R A C T   

Urban green spaces (UGS) play an important role in understanding of urban ecosystems, climate, environment, 
and public health concerns. Satellite derived UGS maps provide an efficient and effective tool for urban studies 
and contribute to targets and indicators of the sustainable development goals, at the global level, set by the 
United Nations. However, clouds create a challenging issue in optical satellite image processing, leading to 
significant uncertainty in UGS mapping. In this study, we propose an automatic UGS mapping method by 
integrating satellite images with crowdsourced geospatial data while aiming to reduce the uncertainty caused by 
cloud contamination. The proposed method consists of three parts: (1) auxiliary data pre-processing module; (2) 
cloud attention intelligent network (CAI-net); and (3) non-cloud scenes classification module. The auxiliary data 
pre-processing module was used to convert crowdsourcing geospatial data into auxiliary maps. The CAI-net was 
proposed to retrieve detailed UGS classes within clouds from satellite image patches and auxiliary maps, while 
non-cloud scenes classification module was used to extract UGS from satellite image patches. The proposed 
method was applied to generate spatial continuous global UGS map products, considering the uncertainty caused 
by cloud contamination. The results show the proposed method yielded a high-quality global UGS map with 
average overall accuracy as high as 92.96% when satellite images had cloud coverage ranging from 0% to 50%. 
The geospatial AI, specifically CAI-net, can provide more accurate UGS mapping regardless of different 
geographical and climatic conditions of the study areas, which is especially significant for humid tropical and 
subtropical regions with frequent clouds and rains.   

1. Introduction 

Urban green spaces (UGS), such as urban trees, grassland, wetland, 
and water bodies, are important for urban ecosystem services (Gong 
et al., 2020), human health (Lee et al., 2015), and sustainable city 
development (Vaidya and Chatterji, 2020). Vegetation in UGS can 
regulate urban climate by providing shade and facilitating an increase in 
evapotranspiration (Venkataramanan et al., 2019; Weng, 2012). With 
rapid population growth, about 68% of the world population will reside 
in the urban areas by 2050 (UNDESA, 2019). Understanding the spatial 
patterns of UGS is crucial from the perspectives of both urban ecosystem 
services and sustainable urban development. 

Although the spatial distribution of UGS can be acquired by manual 

measurements, it is costly and time-consuming (Voltersen et al., 2014). 
Remote sensing techniques have been widely used for urban land use 
and cover mapping at city, nation, and global scales (Dong et al., 2017). 
With the development of moderate-high resolution imaging such as the 
Landsat, Sentinel-2, and Gaofen-1 series, rapid and accurate UGS map
ping has become feasible (Xu and Somers, 2021). 

Recently, many UGS mapping methods have been exploited based on 
optical remote sensing images (Chen et al., 2015; Fu and Qu, 2018; Di 
et al.,2019; Kranjčić et al. 2019; Liu et al., 2019; Huang et al., 2021). 
Chen et al. (2015) developed an automatic method integrating pixel and 
object-based methods with land cover and change knowledge to map 
global land cover at 30 m resolution. Fu and Qu (2018) used the fully 
convolutional neural network (FCN) for mapping urban land cover 
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achieving an average overall accuracy of 85%. The object-oriented 
classification technique was used to extract UGS from RapidEye im
ages (Di et al., 2019). Kranjčić et al. (2019) used SVM method for UGS 
extraction from Sentinel-2A images. Liu et al. (2019) developed the 
DeepLabv3plus model and used it for UGS mapping, yielding an overall 
accuracy of 89.46% from cloud-free GF-2 images. Huang et al. (2021) 
used random forests classifier based on Google Earth Engine (GEE) 
platform for mapping UGS from cloud-free Landsat images, and their 
result indicated that the random forests classifier yielded an average 
overall accuracy of 89.26%. 

Although the abovementioned UGS mapping methods can get rela
tively high accurate extraction results, these methods used only cloud- 
free images to generate UGS or related products. However, optical 
remote sensing images are inevitably contaminated with clouds, espe
cially in humid tropical and subtropical regions, leading to discontinuity 
in spatial patterns of satellite-derived UGS products (Chen et al., 2022; 
Chen et al., 2020). It remains a great challenge to derive spatially 
continuous, quality UGS maps from cloud contaminated satellite 
images. 

To minimize the impact of clouds on optical remote sensing images 
for urban land use/cover mapping, many researchers have employed 
multi-temporal images for mapping (Salberg, 2010; Zhao et al.,2016; 
Sharma et al., 2018; Xie et al., 2019; Jie et al., 2021). Salberg (2010) 
developed a two-stage classifier for mapping land cover by fusing multi- 
temporal Landsat images. The random forest method was used to 
generate land cover maps from multi-temporal Landsat 8 images by 
Zhao et al. (2016). The patch-based recurrent neural network (PB-RNN) 
method was used to generate spatially continuous land cover maps from 
multi-temporal Landsat 8 images (Sharma et al., 2018). Xie et al. (2019) 
exploited a multi-temporal Landsat classification algorithm to solve the 
problem of land cover classification in cloud covered areas. Jie et al. 
(2021) developed a novel two-step multi-temporal image classification 
method to improve classification accuracy by using multi-temporal 
images in missing pixel areas. These classification methods utilize 
multiple cloud free patch images to improve the accuracy of UGS cover 
classification in cloud contaminated images. However, their perfor
mance depends on the availability of cloud-free images. In addition, 
multi-temporal continuous cloud-free images are difficult to acquire, 
especially in the tropical and subtropical regions (Chen et al., 2018; Qu 
et al., 2021). 

To solve the issue of the above multi-temporal classification 
methods, some researchers have attempted to take the advantage of 
multi-source images fusion, such as Sentinel-2 and Sentinel-1 images 
fusion, for improving UGS classification accuracy (Sukawattanavijit 
et al., 2017; Chen et al., 2017; Shrestha et al., 2019; Nuthammachot and 
Stratoulias, 2019; Hong et al., 2021). Sukawattanavijit et al. (2017) 
proposed a Ga-SVM algorithm by integrating SAR and multispectral 
images for improving land-cover classification. Shrestha et al. (2019) 
exploited a classification method with the fusion of Sentinel-2 and 
Sentinel-1 images to solve the issue of land cover map in cloud covered 
areas. Landsat based urban land cover mapping have been extensively 
conducted by integrating multi-source remote sensing features, 
including temporal, spectral, and topographic features, to reduce mis
classifications of different land cover types (Chen et al., 2017; 

Nuthammachot and Stratoulias, 2019; Hong et al., 2021). These 
methods used SAR images for circumventing cloud cover problem (Hang 
et al., 2020). 

Multi-source remote sensing image fusion can provide some auxil
iary information for improving urban land mapping, few studies have 
investigated the efficacy for crowdsourcing geospatial data to improve 
the accuracy of UGS mapping in cloud-covered regions (Zhang et al., 
2017; Johnson et al., 2017). The crowdsourcing geographic data, such as 
point of interest (POI) data, can provide geo-referenced prior informa
tion (Du et al., 2015). The prior information has been widely used to 
understand UGS functions from a human cognition perspective (Chen 
et al., 2018). The OpenStreetMap (OSM) platform can provide freely 
available crowdsourcing geospatial data (Jiang et al., 2015). The inte
gration of remote sensing imagery with crowdsourcing geospatial data 
can effectively improve the accuracy of urban land cover/use mapping 
because the crowdsourcing geospatial data provided rich prior infor
mation (Su et al., 2020; Chen et al., 2021). 

In terms of UGS mapping, Chen et al. (2021) developed a geospatial 
neural network by integrating remotely sensed imagery with crowd
sourced spatial data to map UGS in the Wuhan city. Although this 
method can achieve high mapping accuracy for a single city, but the 
geospatial neural network method contained two limitations: (1) It 
cannot generate spatially continuous UGS maps in cloud covered re
gions; and (2) while it can generate UGS map for a single city, it cannot 
be applied to other cities without label sample verification. 

In this study, the UGS were referred to urban vegetation, wetland, 
water bodies and other kinds of natural environment. This study exploits 
the integration of remote sensing images and crowdsourcing geospatial 
big data for improving UGS mapping in cloud-covered areas at the 
global level. The objectives of this study are: (1) To generate spatially 
and temporally continuous UGS maps in cloud covered areas; (2) To 
generate a high-quality global UGS data product. We propose an auto
matic UGS mapping method by integrating satellite images with 
crowdsourced geospatial data. The proposed method consists of three 
parts: (1) auxiliary data pre-processing module; (2) cloud attention 
intelligent network (CAI-net); and (3) non-cloud scenes classification 
module. Cloud cover is an inevitable issue in optical satellite data, 
causing mapping uncertainty and spatial discontinuity in UGS maps. 
Inspired by the attention mechanism in deep learning (Vaswani et al., 
2017), we have designed a cloud attention intelligent network (CAI-net) 
integrated Sentinel-2 images with crowdsourced geospatial data to 
eliminate cloud effects in spatial–temporal continuous UGS mapping. 
Due to the geospatial neural network achieved excellent UGS mapping 
results at non-cloud scenes (Chen et al., 2021), we used the state-of-the- 
art geospatial neural network for extracting UGS in this study. 

2. Data 

We selected freely available the satellite and auxiliary data as the 
data sources for mapping global UGS. The satellite and auxiliary data 
included Sentinel-2A images, Harmonized Landsat-8 and Sentinel-2 data 
(HLS), OSM data, Global Surface Water Occurrence (GSWO). The sat
ellite and ancillary data description are listed in Table 1. 

2.1. Satellite images 

The Sentinel-2A images acquired by MultiSpectral Instrument (MSI), 
have been widely used for monitoring global vegetation, water re
sources, urban land changes, and ecosystem service mapping (Punalekar 
et al., 2018). The Sentinel-2A were freely downloaded from the Euro
pean Space Agency (), which has 13 spectral bands (spectrum range 
from 430 to 2320 nm) high time resolution (revisit period of 5 days), and 
high spatial resolution (spatial resolution range from 10 m to 60 m). The 
Sentinel-2A imagery have been found suitable for urban mapping since 
it can offer global surface coverage with high spatial resolution (Preidl 
et al., 2020). The Sentinel-2A (L2A level) images were adopted for 

Table 1 
Information of the experimental data.  

Data 
Name 

Sources Acquisition 
Date 

Spatial 
Resolution 

Sentinel- 
2A 

European Space Agency 2017.1–2017.8 10–60 m 

HLS data National Aeronautics and Space 
Administration 

2017.1–2017.8 10–30 m 

GSWO 
data 

Google Earth Engine 2017.1–2017.8 30 m 

OSM data OpenStreetMap platform 2017.8 No  
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mapping spatial continuous UGS. The atmospheric correction and 
radiometric calibration were implemented by ESA Sentinel Application 
Platform (SNAP) and ENVI 5.6 Platform. 

Combining data from Landsat OLI and Sentinel-2 MSI data can 

provide a new resource for Earth observation because the harmonized 
Landsat-8 and Sentinel-2 (HLS) data reduces global observation of the 
land to every 2–3 days (Punalekar et al., 2018). It was produced by 
National Aeronautics and Space Administration (NASA) project, which 

Fig. 1. Global distribution of satellite image acquisition for the study, including Sentinel-2A images and Harmonized Landsat and Sentinel-2 data.  

Fig. 2. The overall workflow of the proposed method with cloud attention intelligent network (CAI-net).  
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intended to provide dense time series of reflectance data (Bolton et al., 
2020). The HLS datasets have been widely used for studies of land use 
mapping, land surface phenology dynamics, and urban mapping tasks 
(Chaves et al., 2020; Moon et al., 2021; Roy et al., 2019). 

The HLS Version 2 datasets have obtained seamless surface reflec
tance data from Landsat-8 and Sentinel-2 by the harmonization process, 
which consisted of a set of operations: atmospheric correction, cloud 
process, spectral band pass adjustments, and spatial co-registration 
(Claverie et al., 2018). The HLS datasets contained of three products: 
(1) S10: full resolution MSI (10 m, 20 m and 60 m); (2) S30: MSI 
harmonized surface reflectance resampled to 30 m; (3) L30: OLI 
harmonized surface reflectance and TOA brightness temperature 
resampled to 30 m (Claverie et al., 2018). Considering the differences in 
vegetation phenology in different climatic zones, we selected Sentinel- 
2A and HLS images from those zones between 1st August 2017 and 
30th August 2017 as training datasets. Fig. 1 shows the global distri
bution of acquisition location of satellite images. 

2.2. Auxiliary data 

The OSM platform can provide rich volunteered geographical in
formation such as POI category, POI place, POI time information, and so 
on (Johnson and Iizuka, 2016). Therefore, the OSM platform shows an 
important potential for providing prior information to support satellite 
image analysis tasks. The OSM POI data can be freely obtained from the 
OpenStreetMap platform (https://www.openstreetmap.org.). To reduce 
time interval between OSM POI data and Sentinel-2A images, the POI 
acquisition date was set to 15th August 2017, when shows the distri
bution of OSM data with 159,993 POI altogether covering the globe. The 
UGS POI was extracted from OSM POI data. To retrieve water bodies of 
UGS classes in cloud regions, Global Surface Water Occurrence (GSWO) 
data were used as auxiliary data. The GSWO were derived from Landsat 
satellite images (Pekel et al., 2016). GSWO dataset provides long-term 
water-surface maps for the entire globe and can be freely acquired in 
GEE platform (https://global-surface-water.appspot.com/map). 

3. Methods 

We designed a detailed workflow to generate spatially continuous 
UGS products (see Fig. 2). The proposed method is comprised of three 
parts: (1) auxiliary data pre-processing module; (2) CAI-net; and (3) 
non-cloud scenes classification module. The auxiliary data pre- 
processing module was used to convert the crowdsourcing geospatial 
data into auxiliary maps. The CAI-net was proposed to retrieve detailed 
UGS classes in cloud regions from satellite image patches and auxiliary 
maps. Non-cloud scenes classification module was used to extract UGS 
from satellite image patches in cloud-free regions. 

3.1. Auxiliary data Pre-processing module 

We have selected the POI and GSWO data as auxiliary data due to 
POI and GSWO data can provide the prior UGS features in the globe 
(Chen et al., 2018). In this study, an auxiliary data pre-processing 
module was designed to encode two types of crowdsourcing geospatial 
data, i.e., POI and GSWO data, into a group of auxiliary maps. Fig. 3 
shows the flowchart of the auxiliary data pre-processing. 

The POI data often include vegetation, parks, residential points, 
urban wetland, hotels, railway stations, and so on. The crowdsourcing 
geospatial datasets can describe characteristics of different UGS types 
(Heikinheimo et al., 2020). To identify UGS classes within cloud covered 
areas, the crowdsourcing geospatial data were preprocessed as auxiliary 
information. 

The UGS POI density map was the auxiliary information to reflect the 
UGS existence probability in cloud covered regions. For POI data pre- 
processing, the POI classes were categorized into the UGS classes. The 
rules of grouping are introduced in Table 2. UGS POI density map APOI 
was generated with the kernel density estimation by ArcGIS 10.4. The 
kernel bandwidth was of the kernel density estimation was set to 10 m. 
For GSWO data pre-processing, the first longitude-latitude range can be 
obtained from the input image metadata. The auxiliary water map Awater 
was generated by using the method of pixel cropping. The strategy of 
aggregation was adopted to integrate an auxiliary map of the POI data 
and GSWO data. After obtaining pre-processing of auxiliary data, the 
input image with size X × Y was selected as the current UGS mapping 
object. The final auxiliary map A can be defined using the following 
equation: 

A = concat(APOI ,AWater) (1) 

where the dimension of the final auxiliary map A is (X,Y,2). 

Fig. 3. The processing procedure for the auxiliary data.  

Table 2 
UGS classes derived from the initial POI types.  

UGS 
classes 

Initial POI types 

UGS urban forest, rivers, urban wetland, green belts, park, residential green 
space, botanical garden natural reserve 

Non-UGS residence districts, stations, supermarket, airports, buildings, industrial 
districts, sports center, village green, etc.  
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3.2. The cloud attention intelligent network 

The cloud attention intelligent network (CAI-net) retrieve UGS 
classes in cloud covered areas. The CAI-net is comprised of two modules: 
(1) cloud detection module (CDM), and (2) cloud classification module 
(CCM). The CDM was designed to focus cloud position on input cloud 
contaminated images. The CCM was designed to recognize UGS classes 
from remote sensing images and crowdsourcing geospatial data in cloud 
covered areas. The two sequential convolutional long short-term mem
ory (LSTM) were used to refine the cloud and the clouded UGS feature 
attention in CDM and CCM. Fig. 4 shows the architecture of the proposed 
CAI net. 

3.2.1. Cloud detection module (CDM) 
Cloud detection is an essential step for identifying UGS classes in 

cloud contaminated images. Since fully convolutional networks (FCN) 
show state-of-the-art performance in the semantic segmentation field 
(Long et al., 2015), the CDM used an FCN to extract the deep local
–global cloud feature, which was used to identify cloud and non-cloud 
regions in Sentinel-2A images. We proposed a novel CDM architecture 
with FCN and the convolutional block attention module (Woo et al., 
2018), an effective attention network that can integrate the position and 
the spectral attention. The convolutional block attention module 
(CBAM) was used in the CDM architecture for its effectiveness in 
refining cloud contextual semantic features (Zhang et al., 2021). Two 
unique operations of CDM were applied: (i) The spectral attention was 
used to learn ‘what’ was important in cloud contaminated images by 
exploiting the inter-spectral relationship of cloud information; and (ii) 
the position attention was used to highlight the positions of the cloud 
regions, while the spectral attention selected the important bands. 

The encoder of CDM executed feature extraction using FCN to pro
duce a set of cloud feature maps. The cloud feature maps were 

unsampled by a set of deconvolution kernels in the decoder of CDM. 
Prior to the two attention modules sequence, we used a convolution 
kernel of size 1 × 1 to adjust the spectral dimension of the features from 
spectral attention block and position attention block. In the CDM ar
chitecture, the sequential algorithm was used to integrate spectral and 
position attention (Liu and Deng., 2015), which can aggregate local
–global semantics cloud information. The CDM architecture can adap
tively highlight on more important information and suppresses less 
important information in cloud contaminated images. 

3.2.2. Cloud classification module (CCM) 
Prior information was obtained from auxiliary data (such as 

crowdsourced geospatial data), which can describe the UGS class fea
tures (Heikinheimo et al., 2020) and plays an important role in 
retrieving UGS classes in cloud contaminated areas (Johnson et al., 
2017). Therefore, in this paper, we used prior information as auxiliary 
information to retrieve UGS classes in cloud covered areas. To obtain 
UGS prior information, the cloud classification module was designed. 
The feature images from CCM are up-sampled to the size of the input 
image by using deconvolution operations. Then, the spectral dimension 
of the up-sampled feature images was adjusted from spectral attention 
block and position attention block to the same number of spectrums of 
the input image by using 1 × 1 convolution kernel. The final concate
nated feature maps F from the CCM can be defined by the following 
equation: 

F = concat(Fimg,1,Fimg,2,Fimg,3,Fimg,4,Faux,1,Faux,2,Faux,3,Faux,4) (2) 

where the Fimg,1, Fimg,2, Fimg,3, Fimg,4 are the features from the four 
spectral bands (i.e., Sentinel-2A Blue band, Green band, Red band, and 
NIR band).Faux,1, Faux,2, Faux,3, Faux,4 features from the auxiliary image. 

Compared to the cloud detection module, the cloud classification 
module has unique operations, including: (i) extracting the UGS features 

Fig. 4. The architecture of the proposed cloud attention intelligent network.  
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for cloud contaminated areas based on the auxiliary feature maps; and 
(ii) updating the cloud attention of the CDM by using an element-wise 
sum algorithm on the maps of CDM and CCM. At each stage, the two 
convolutional LSTM networks (Shi et al., 2015) were used to refine the 
cloud attention map to implement the CAI-net. The boundary 
enhancement module with three dilated convolution kernels (the 
convolution kernel sizes of 5 × 5, 3 × 3, and 1 × 1) was further applied 
to improve the boundaries of the UGS map (Chen et al., 2021b). The 
integrated cloud attention map was fed into the CDM and the CCM at the 
next stage to improve the accuracy of cloud detection and thus the 
classification of UGS classes in cloud contaminated areas. 

3.3. Non-cloud scenes classification module 

The Geospatial neural network has been successfully applied to 
achieve the high accuracy of UGS mapping in cloud-free regions (Chen 
et al., 2021). Therefore, in this research, the Geospatial neural network 
was used to extract UGS from Sentinel-2A images in cloud-free regions. 
The final spatial continuous UGS map A can be defined as follows: 

A = ACloud + ANon− cloud (3) 

where ACloud is UGS map from cloud attention intelligent network in 
cloud contaminated regions. ANon− cloud is UGS map from non-cloud 
scenes classification module in cloud-free regions. 

In the proposed method, we used a 1 × 1 convolution kernel to 
generate the score maps of two classes: background M1 and UGS M2.We 
use softmax function (Peng et al., 2017) to normalize the range of score 
maps, and the softmax classifier to identify UGS from score maps of 
different classes. The probability map Ps of each class s = {1,2} can be 
defined as follows: 

Ps =
exp(Ms)

∑2
n=1exp(Mn)

(4)  

4. Results 

To evaluate the effectiveness of the proposed network, large exper
iments were conducted to generate UGS maps with Sentinel-2A images 
in different cities. The proposed network is compared with the state-of- 
the-art deep learning methods (DeepLab v3plus, FCN, and Geospatial 
neural network). The proposed network training and experimental re
sults are described in this section. 

4.1. Network training and evaluation metrics 

Considering vegetation phenology characteristics, we selected 
Sentinel-2A and HLS images of the summer season as training datasets. 
The input images were cropped into patch size of 512 × 512 pixels by 
using the sliding window strategy with stride size of 1. According to 
predefined land use classification map, the experimental datasets con
tained the different types of urban scenes, such as urban forest, urban 

Fig. 5. Some sample patches of urban areas.  

Table 3 
Major input parameters of the four networks.  

Input 
parameters 

Training 
sample 

Mini- 
batch 
size 

Momentum Learning 
rate 

Epochs 

DeepLab v3plus 70,000 128  0.9  0.01 1000 
FCN 70,000 128  0.9  0.01 1000 
Geospatial neural 

network 
70,000 128  0.9  0.01 1000 

Proposed method 70,000 128  0.9  0.01 1000  
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park, and commercial district. The UGS and cloud labels were obtained 
by manual drawing in ENVI platform. Accuracy of manual drawing was 
controlled within two pixels. Our datasets contained 70,000 training, 
15,000 validation, and 15,000 testing image patches. 

Fig. 5 show some of the training image patches, cloud labels, and 
UGS labels. The proposed CAI net was implemented in the PyTorch and 
Google Earth Engine (GEE) platform, using the stochastic gradient 
descent to optimize parameters with weight decay of 0.0001, 

Fig. 6. The results of extracting urban green spaces by different methods for different urban land-cover scenes. (a) Cloud of Sentinel-2 data; (b) The ground truth 
reference; (c) DeepLab v3plus; (d) FCN; (e) Geospatial neural network; (f) The proposed network. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 

Table 4 
Quantitative evaluation results of the four mapping methods.  

Method OA (%) Kappa (%) Recall (%) Precision (%) 

DeepLab v3plus  70.51  66.12  67.31  68.01 
FCN  76.34  72.04  72.91  73.39 
Geospatial neural network  81.59  74.91  76.97  77.01 
Proposed method  95.13  91.09  92.01  93.42  
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momentum of 0.9, and a mini-batch size of 128 for generating spatially 
continuous UGS maps. The learning rate was initially set to 0.01 and 
strategy decay by using an exponential decay with decay rate of 0.9 and 
an epoch of 50 for a total of 1000 epochs in the training. The proposed 
network and the compared methods were pre-trained by using the same 
datasets. For FCN-based architectures, the weight parameters of the 
trained FCN-GoogLeNet (Long et al., 2015) were used as the initially 
weight of the FCN encoder. All network architectures were implemented 

Fig. 7. Urban green spaces mapping for different 
geographical patterns. (a1)-(a3) Cloud of Sentinel-2A 
data in Beijing (acquired on August 5, 2016), 
Wuhan (acquired on August 15, 2016), and Guangz
hou (acquired on August 23, 2016), China, respec
tively; (b1)-(b3) The results of extracted urban green 
spaces by using the proposed network in Beijing, 
Wuhan, and Guangzhou, China, respectively. (For 
interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of 
this article.)   

Table 5 
Accuracy assessment of UGS maps using the proposed method for different 
urban patterns.  

City OA (%) Kappa (%) Recall (%) Precision (%) 

Beijing  93.81  90.02  91.18  92.28 
Wuhan  95.24  92.38  93.81  94.72 
Guangzhou  94.09  90.89  92.31  93.08  
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on NVIDIA® Quadro M2200 GPU. 
The common metrics for assessment for UGS maps include overall 

accuracy (OA), kappa coefficient (Kappa), recall, and precision (Foody, 
2020). They can be defined by following equations, respectively: 

OA =
(TN + TP)

N
(5)  

Kappa=
N×(TN+TP)− [(TP+FP)×(TP+FN)+(FN+TN)×(FN+TN)]

N2 − [(TP+FP)×(TP+FN)+(FN+TN)×(FN+TN)]

(6)  

Recall =
TP

TP + FN
(7)  

Precision =
TP

TP + FP
(8) 

where N represents the total number of pixels for an entire input 
image.TP represents the number of UGS pixels accurately extracted.FP 
represents the number of non-UGS pixels extracted as UGS pixels.TN 
represents the number of non-UGS pixels accurately extracted. FN rep
resents the number of UGS -pixels extracted as non-UGS pixels. 

4.2. The performance of the proposed network 

To better assess the performance of the proposed network, we 
compared it with DeepLab v3plus (Liu et al., 2019), FCN (Long et al., 
2015), and Geospatial neural network (Chen et al., 2021b). The state-of- 
the-art deep learning methods (DeepLab v3plus, FCN, and Geospatial 
neural network) without cloud detection have been successfully applied 
to generate UGS map in the urban areas. All the methods used the same 
input parameters. Input parameters of four networks are listed in 
Table 3. We initialized DeepLab v3plus, FCN, and Geospatial neural 

Table 6 
Sentinel-2 images over with cloud-cover (0% to 50%) for evaluating CAI net performance.  

Cloud Cover Product ID Acquisition Date 

0% S2A_MSIL1C_20190817T023551_N0208_R089_T51RUQ_20190817T042607 2019/08/17 
5% S2A_MSIL1C_20190714T025551_N0208_R032_T50SNJ_20190714T055344 2019/07/14 
10% S2A_MSIL1C_20190522T030551_N0209_R075_T50TMK_20190522T060100 2019/05/14 
15% S2A_MSIL1C_20190614T025551_N0207_R032_T49QGF_20190614T055620 2019/06/14 
20% S2A_MSIL1C_20190611T024551_N0207_R132_T50RMS_20190611T052620 2019/06/11 
25% S2A_MSIL1C_20190614T025551_N0207_R032_T49QHF_20190614T055620 2019/06/14 
30% S2A_MSIL1C_20190823T025551_N0208_R032_T50QKL_20190823T061030 2019/08/23 
35% S2A_MSIL1C_20190823T025551_N0208_R032_T50RKV_20190923T061030 2019/09/23 
40% S2A_MSIL1C_20190806T030551_N0208_R075_T49RGQ_20190806T060210 2019/08/15 
45% S2A_MSIL1C_20190803T025551_N0208_R032_T50RLS_20190803T063256 2019/08/03 
50% S2A_MSIL1C_20190724T025551_N0208_R032_T49QHF_20190724T060504 2019/07/24  

Fig. 8. Effects of the different cloud cover of Sentinel-2 data on urban green spaces mapping accuracies based on 11 Sentinel-2 images. (a) Overall accuracy; (b) 
Kappa; (c) Precision; (d) Recall. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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network, the proposed network, respectively, using the weight param
eters from the trained FCN-GoogLeNet. In addition, we have selected the 
four types of urban land-cover scenes as experimental areas. Four types 
of urban land-cover scenes contained forest, park green spaces, resi
dential green spaces, and wetlands. 

Fig. 6 shows the results of extracting urban green spaces by different 
methods for different urban land-cover scenes. Fig. 6 (f) shows the 
proposed network can generate spatially continuous UGS maps from 
cloudy Sentinel-2 images. DeepLab v3plus, FCN, and Geospatial neural 
network obtained good UGS extraction results in non-cloud areas; 

Fig. 9. Distribution of the study cities in different climatic zones (Source of the map: World map of Köppen-Geiger climate zones (Peel et al., 2007).  

Fig. 10. Examples of the UGS maps in global cities derived from HLS data and Sentinel-2A data using CAI-net.  
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however, they failed to extract UGS classes in cloud covered areas, 
leading to the underestimation of UGS (see Fig. 6 (c)-(e) red box). The 
proposed network method can solve the underestimated issue because 
the proposed CAI-net can recognize UGS classes in cloud contaminated 
areas. 

To quantify the performance of the proposed network, four assess
ment parameters (OA, Kappa, recall, and precision) were calculated for 
four typical urban scenes. Table 2 show the quantitative results of the 
four UGS mapping methods. Comparing to DeepLab v3plus and FCN, 
Geospatial neural network method yielded best values for OA, Kappa, 
recall, and precision. 

From Table 4, the proposed network was found to outperform Geo
spatial neural network, with average OA of 95.13% versus 81.59%, 
average Kappa of 91.09% versus 74.91%, average recall of 92.01% 
versus 76.97%, and average precision of 93.42% versus 77.01%. After 

the introduction of CAI-net block, the improvement in OA, Kappa, recall, 
precision was significant. Average OA has increased by 13.54%, and 
UGS classes in cloud covered areas were correctly extracted. Similarly, 
average Kappa by 16.18%, average recall by 15.04%, and average pre
cision by 16.41%, as compared to Geospatial neural network. The CAI- 
net block played an important role for improving UGS mapping in cloud 
covered areas because it can recognize UGS classes in cloud contami
nated areas. The encoder-decoder CAI-net with an attention mechanism 
can show better performance in UGS mapping from contaminated cloud 
images. 

4.3. Mapping urban green spaces with different geographical settings 

To further evaluate the mapping performance of the proposed 
method at different urban scales, we have selected three types of urban 
patterns (including Beijing, Wuhan, and Guangzhou, China). The 
different urban patterns have different distributions of UGS due to the 
composition and fabrics of urban ecosystems (Guo et al., 2020). 

Fig. 7 (b1-b3) show the results of extracted urban green spaces by 
using the proposed network for Beijing, Wuhan, and Guangzhou, China, 
respectively. By using the cloud detection module, we found that clouds 
occupied 13.18% in area in Beijing, 15.04% in Wuhan, and in 
Guangzhou 11.03% in the test Sentinel-2A images. From Fig. 7. (b1-b3), 
it can be observed that the proposed method can generate spatially 
continuous UGS maps from the could contaminated Sentinel-2A images 
in all three types of urban patterns. 

Table 5 show quantitative evaluation result using the proposed 

Table 7 
Accuracy assessment of UGS maps of selected global cities in different climatic 
zones.  

City OA (%) Kappa (%) Recall (%) Precision (%) 

Cairo  95.12  92.22  94.08  94.48 
Sao Paulo  94.65  91.08  93.26  93.02 
Los Angeles  92.96  89.29  91.56  90.18 
Shanghai  93.91  90.01  90.34  92.09 
Chicago  93.34  90.32  91.31  91.06 
Moscow  93.92  90.91  92.87  91.95  

Fig. 11. Urban green space coverage in different climatic zones. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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method in the three cities. Overall mapping results of three types of 
urban patterns using the proposed method, show an average overall 
accuracy of 94.38%, an average Kappa of 90.10%, an average recall of 
92.43%, an average precision of 93.36%. According to the visualization 
and quantitation results, the proposed method can be regarded to be 
effective in generating spatially continuous UGS maps in cloud covered 
areas. 

5. Discussion 

5.1. Effect of cloud cover on UGS mapping 

Sustainable urban development research is dependent on spa
tial–temporal continuous UGS data (Venkataramanan et al., 2019). 
Currently, UGS maps with spatial resolution of 10 m generated from 
Sentinel-2A images can provide a timely, accurate and essential data for 
sustainable urban development research and related studies. Cloud 
cover is inevitable, especially in tropical and subtropical areas, which 
causes uncertainty in UGS mapping (Zhao et al., 2016). Hence, we 
discuss the effect of different cloud coverage of Sentinel-2 data on UGS 
mapping when using the proposed CAI-net method in this section. 

To test mapping performance at the different cloud coverage, we 
have selected 11 images with cloud coverage ranging from 0% to 50%. 
Table 6 shows details about tested Sentinel-2 images. Fig. 8 shows the 
effects of the different cloud coverage on UGS mapping accuracy when 
using the proposed method. From Fig. 8 (a)-(d), we can observe that UGS 
mapping accuracy of the proposed method with different cloud cover 
coverage, the OA ranging from 98.36% to 83.71%, the Kappa ranging 
from 93.56% to 85.56%, the recall ranging from 96.14% to 87.54%, and 
precision ranging from 93.34% to 85.17%. According to the results, the 
proposed method can yield a robust mapping accuracy of UGS against 
different cloud fractions of sentinel-2 images. 

5.2. Global UGS mapping in different climatic zones 

With increasing urbanization and climate change, global UGS are 
decreasing at an alarming rate (Sun et al., 2019). According to the 
United Nations (United Nations, 2019), about 68% of world population 
will live in urban region by 2050. However, the global UGS dataset does 
not yet exist by climatic zone. To support urban sustainable develop
ment, we chose 1080 cities for producing maps of UGS in different cli
matic zones. Fig. 9 shows locations of these in different climatic zones. 
We chose the HLS data and public geographic data as the data sources 
for mapping global UGS. 

The UGS maps of 1080 cities were produced by using the proposed 
method at global scale. Fig. 10 shows examples of UGS maps in different 
climatic zones, including Cairo, Sao Paulo, Los Angeles, Shanghai, 
Chicago, Moscow. From Fig. 10, it can be observed that UGS maps can 
capture different spatial patterns in global different climatic zones. From 
Fig. 10 (a)-(b), the spatial pattern of UGS was sparse for Cairo city and 
Sao Paulo city. From Fig. 10 (c)-(d), we found that the spatial pattern of 
UGS was compact in Los Angeles and Shanghai. From Fig. 10 (e)-(f), the 
spatial pattern of UGS was dense in Chicago, Moscow. We observed that 
UGS was sparse in desert climate cities, whereas the spatial pattern of 
UGS was dense in tropical climate cities, which could be related to 
temperature and rainfall of the localities. 

Accuracy of the UGS maps was evaluated by examining samples of 
500 × 500 pixels as validation regions against manual UGS mapping. 
Table 7 shows quantitative evaluation results of UGS maps for selected 
cities in different climate zones. The mapping results of those cities show 
overall accuracy of 92.96%, Kappa of 89.29%, recall of 90.34%. The 
proposed method can provide a reliable accuracy mapping of UGS for 
cities in global different climatic zones. 

To explore the spatial patterns of UGS of the cities in different cli
matic zones, the urban green space coverage (UGSC) indicator was 
calculated by using the global 1080 cities of UGS maps. In this study, 

UGSC indicator can be defined as follows: 

UGSC =
UGSpixel

Totalpixel
(9) 

where UGSpixel is the number of UGS pixels, and Totalpixel is the total 
number of pixels for an entire urban image. 

Fig. 11 shows distribution of urban green space coverage for global 
different climatic zones. From Fig. 11, the average UGSC was 56.59 ±
5.31% at the global scale. The UGSC of temperate rainy cities yielded 
more than76.56%, while UGSC of arid climate cities occupied less than 
16.36%. In addition, the histogram of global UGSC data indicate that 
UGSC of temperate rainy cities had higher UGSC values than cities in 
arid climate zones, tropical humid climate zones, and subtropical humid 
climate zones. 

The main advantages of the proposed method include: (i) The CAI- 
net was employed to eliminate cloud effects for improving UGS map
ping in cloud covered regions; and (ii) The proposed method can 
generate spatial continuous global UGS data products. This study can 
provide valuable global UGS data to support the UN SDG 11. 

6. Conclusions 

Optical satellite derived UGS maps provide a timely, accurate and 
essential data in sustainable urban development research. However, 
clouds are a key problem in optical satellite image processing that is 
highly pertinent to UGS mapping uncertainty. This study exploited how 
optical satellite data and crowdsourcing geospatial big data can be in
tegrated for generating quality spatially continuous UGS maps. To 
eliminate clouds effects for UGS mapping, this research proposed an 
automatic UGS mapping method with the three sequential modules, i.e., 
auxiliary data pre-processing module, the CAI-net, and non-cloud scenes 
classification module. The results show an average overall accuracy of 
92.14%, average Kappa of 89.12%, average recall of 91.31%, and 
average precision of 90.21% for 1080 cities in different climatic zones. 
The main advantages of the proposed automatic UGS mapping method 
included: (i) Cloud attention intelligent network was designed to elim
inate cloud effects to generate spatially continuous UGS maps of 
different geographical settings; and (ii) The proposed method provided a 
new insight into the use of AI technology for accurate UGS mapping 
globally in different climatic zones. 

Nevertheless, the proposed CAI-net contains some limitations. First, 
the CAI-net cannot retrieve detailed UGS classes within clouds when the 
cloud cover was greater than 50%, because the CAI-net need more 
auxiliary data to recognize UGS classes in a large of cloud contaminated 
areas. Secondly, the performance of the CAI-net relied on the quality of 
auxiliary data because cloud classification module depended on auxil
iary data to estimate the probability of UGS classes in cloud covered 
areas. In future research, it is desired to improve the performance of the 
proposed CAI-net by integrating multimode data, such as Sentinel SAR 
data and street view images as auxiliary maps while trying to overcome 
the above-stated limitations. 
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