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1.  INTRODUCTION  

Soil salinization and secondary salinization have become constraints to the sustainable development 

of agriculture in the world. Soil salinization has led to the decline of soil fertility, inhibited the normal 

growth of crops, and destroyed the ecological balance. With the change of climatic conditions, the trend of 

soil salinization continues to expand. In recent years, the government has adopted a series of saline-alkali 

land control measures (such as rice cultivation in saline-alkali land, leaching and physical and chemical 

improvement methods) and a series of major projects (such as the river and lake connection project in 

western Jilin Province, and the major land consolidation project in western Jilin Province), which have led 

to continuous changes in the state of soil salinization in recent decades 
[1-3]

. Therefore, it is of great 

significance to realize large-scale dynamic monitoring of saline-alkali soil in this area and obtain the 

evolution information of saline-alkali soil in time for evaluating the effect of soil improvement and 

rationally developing and utilizing land. 

The Landsat-5 TM and Landsat-8 OLI satellites, launched in 1984 and 2013, have been widely used 

for moderate-resolution (30m) improved global environmental and safety monitoring. Bannari et al. used 

Landsat TM, ETM+ and OLI data to assess the impact of climate change on the dynamics of soil salinity 

in arid landscapes in the state of Kuwait in the northwestern Arabian Peninsula from 1987 to 2017 
[4]

. 

These studies demonstrate that it is feasible to monitor soil salinity dynamics using the Landsat series of 

satellites. However, there are significant differences in soil characteristic spectra of different genesis and 

different salinity species, which makes it impossible to establish a general soil salinity inversion model 
[5]

. 

The saline soil in western Jilin belongs to the inland Saline-Sodic Soil, and the salt is mainly sodium 

carbonate and sodium bicarbonate. Even the spectral response of the soil salinity index was not obvious, 

which challenged the determination of soil salinization degree in this area. In the past few decades, due to 

the influence of natural conditions and artificial transformation, the area and degree of soil salinization in 

western Jilin Province have undergone great changes. We studied the temporal and spatial characteristics 

of soil salinization, and analyzed the factors that affect soil salinization, which is of great significance for 

saline soil reclamation and protection of agricultural ecological environment. Specifically, this study aims 

to: 

1) Establish a remote sensing inversion model of Saline-Sodic Soil Electrical conductivity (EC). 

2) Inverse and classify soil EC from 1985 to 2020 based on Landsat TM/OLI data. 

3) Monitor and map the temporal and spatial changes of soil salinization from 1985 to 2020. 

4) Analyze the correlation of meteorological, environmental, social, groundwater and other factors 

with salinity and calculate the variable importance measure (VIM). 

2. MATERIALS AND METHOD S 

2.1 Data collection 
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2.1.1 In situ soil EC measurements 

In order to obtain the electrical conductivity data of saline soil in western Jilin Province, we 

conducted a field sampling experiment from June 20 to 28, 2019, including a total of 328 sampling points.  

2.1.2 Satellite imagery data 

We divided the period from 1989 to 2019 into eight periods, with five years interval between each 

period. Landsat TM and OLI are used as data sources. In this study, we used random forest algorithm to 

identify saline-alkali soil with high precision from 1985 to 2020. The samples of saline-alkali soil (8674) 

and non-saline-alkali soil (7068) obtained through the field sampling and the third soil survey were used 

as training samples. 

2.1.3 Acquisition of environment data  

We obtained daily data sets of meteorological element station observations in China on the resource 

and environment data cloud platform (http://www.resdc.cn/). The population data, grain output, and meat 

output of each county and city are all taken from the County Statistical Yearbook. Digital Elevation Model 

(DEM) and slope data come from the "MERIT/DEM/v1_0_3" dataset of the GEE platform. The 

groundwater level and the difference of groundwater level in the dry-peak season come from the measured 

data. The Land-Use and Land-Cover Change (LUCC) data comes from the Chinese LUCC dataset from 

the University of Chinese Academy of Sciences since 1980 
[6]

. 

2.2 Methods  

The soil EC inversion models from 1985 to 2010 and 2015 to 2020 were established by using the 

field survey sampling data and satellite remote sensing multi-period image data set 
[7-9]

. The degree of soil 

salinization was graded based on THE USDA standard 
[10]

. Finally, combining with land use data, the 

paper analyzes the feature transformation of saline-alkali land and the importance of meteorological and 

geomorphological factors to the change of saline-alkali land area. 

3. RESULTS 

3.1 Temporal variation of saline-alkali land area in western Jilin Province 

According to the change of the total area of salinized soil, we can divide the three decades into two 

stages: the total area of salinized soil showed an increasing trend from 1985 to 2000, and the total area of 

salinized soil showed a decreasing trend from 2000 to 2020. According to the government's 

implementation period of saline soil reconstruction project, it can be divided into natural state (1985-2000) 

and transformed state (2000-2020). In a word, the total area of natural salinized soil showed an increasing 

trend, while the total area of reformed salinized soil showed a decreasing trend. 

http://www.resdc.cn/
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Fig. 1. Distribution of saline-alkali soil in western Jilin Province from 1985 to 2000  

 

Fig. 2. Temporal changes of saline-alkali soil area in western Jilin province from 1985 to 2020 

3.2 Analysis of change rate of saline-alkali land 

According to area change, the total area of saline-alkali land increased the most from 1990 to 1995, 

and decreased the most from 2015 to 2020. The area of saline soil/alkaline soil and severely saline soil 

increased from 1985 to 2000, but decreased after 2000. The area of lightly saline soil decreased before 

2010 and increased after 2010. According to the dynamic attitude of area change, salinized soil/alkaline 

soil had the greatest change from 1990 to 1995, and lightly salinized soil had the greatest change from 

2010 to 2015. 
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Fig. 3. Variation and dynamic attitude of saline-alkali land area 

3.3 Analysis of saline-alkali land and land use conversion 

The changing regions of saline-alkali soil and non-saline-alkali soil were superimposed with land use 

data to analyze the direction of saline-alkali soil transfer. Combined with the two stages of total area 

change of saline-alkali land: natural state (1985-2000) and transformed state (2000-2020), the area 

percentage of mutual transformation between different land features and saline-alkali land in these two 

stages was obtained. 
Table 1. Conversion between saline-alkali land and land use types 

 
Cropland Grassland Water Forest 

Impervious 

surface 
Paddy field 

1985~2000 to saline soil 26.93% 56.71% 12.26% 2.37% 1.55% 0.18% 

2000~2020 from saline soil 55.59% 23.51% 6.18% 9.34% 3.96% 1.42% 

Table 1 shows that 56.71% of the increase in saline-alkali land from 1985 to 2000 was due to the 

conversion of grassland and cropland, which affected the development of animal husbandry and 

agriculture and would cause social and economic losses if not controlled. From 2000 to 2020, 55.59 

percent of saline-alkali land was converted to cropland and 23.51 percent to grassland. 

3.4 Influencing factors of saline-alkali land area 

Taking saline-alkali land area as dependent variable and population, evaporation, precipitation, 

evapotranspiration ratio, groundwater level, groundwater level difference, DEM and slope as independent 

variables, a random forest model was established and the importance of variables was calculated. The 

results are shown in Fig. 4. By comparing the natural state (1985-2000) with the transformed state (2005-

2020), we found that the importance of all meteorological factors, groundwater and geomorphic factors 

decreased except the total population at the end of the year. These data show that in the natural state, these 

factors have a great impact on the area of saline-alkali land. On the contrary, in the transformed state, due 

to artificial disturbance, the importance of these factors is reduced, which is also consistent with the 

objective reality. 
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Fig. 4. Importance of each factor to saline-alkali land area 

4. SUMMARY  

In this study, saline-alkali land recognition and soil EC inversion algorithms were developed to 

realize the mapping of grade distribution of saline-alkali land in western Jilin province from 1985 to 2020, 

which can provide important scientific data for SDG 2.4 evaluation. 

The results show that: (1) The area of saline-alkali land in western Jilin increased significantly during 

1985-2000 (natural state), and decreased during 2000-2020 (transformed state), indicating that the effect 

of saline-alkali land treatment project is significant. (2) Cropland and grassland were the main features 

that were frequently converted to saline-alkali land. (3) Natural conditions (including geomorphic 

elements and groundwater) are important factors causing soil salinization, and the participation of human 

activities can reduce the influence of these factors. To sum up, we suggest increasing positive 

transformation activities and reducing destructive activities such as overgrazing. 

References 

[1] Wang S., Xu J., Wang Q., Cheng D. (2020) Modeling of wetting deformation of coarse saline soil with an improved von 

Wolffersdorff model, Bulletin of Engineering Geology and the Environment, 79(9): 4783-4804.  

[2] Talat N. (2020) Alleviation of soil salinization and the management of saline soils, climate change, and soil interactions, 

Climate Change and Soil Interactions, Elsevier, 305-329 pp.  

[3] Zhao F., Chang L., Zhang W., Kou G., Liu H. (2019) Study on dynamic stress-strain response law of frozen saline soil, IOP 

Conference Series: Earth and Environmental Science, 267(3): 032013.  

[4] Bannari A., Al-Ali Z. (2020) Assessing climate change impact on soil salinity dynamics between 1987-2017 in arid landscape 

using Landsat TM, ETM+ and OLI data, Remote Sensing, 12(17): 2794.  

[5] Howari F., Goodell P., Miyamoto S. (2002) Spectral properties of salt crusts formed on saline soils, Journal of Environmental 

Quality, 31(5): 1453-1461.  

[6] Yang X., Jin X., Yang Y., Song J., Zhang T., Zhou Y. (2022) Spatially explicit changes of forestland in Taiwan Province from 

1910 to 2010, Journal of Geographical Sciences, 32(3): 441-457.  

[7] Li X., Sun Y., Chen X., Li Y., Jiang T., Liang Z. (2022) Saline-Sodic Soil EC Retrieval Based on Box-Cox Transformation 

and Machine Learning, IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 15: 1692-1700.  

[8] Dong X., Li X., Zheng X., Jiang T., Li X. (2020) Effect of Saline Soil Cracks on Satellite Spectral Inversion Electrical 

Conductivity, Remote Sensing, 12(20): 3392.  

[9] Li X., Ren J., Zhao K., Liang Z. (2019) Correlation between spectral characteristics and physicochemical parameters of soda-

saline soils in different states, Remote Sensing, 11(4): 388.  

[10] Richards L. (1954) Diagnosis and improvement of saline and alkali soils, Lippincott William&Wilkins, Vol. 78, No. 2, 154 

pp.  



 

7 

Contributing to SDG 2: Rice Area Monitoring in Southeast Asia 

with Time Series SAR 

 

Lu Xu
1,2

, Hong Zhang
1,2,*

, Chunling Sun
1,2,3

 , Chao Wang
1,2,3

  

1
 International Research Center of Big Data for Sustainable Development Goals, Beijing 100094, China  

Email: hongzhang@radi.ac.cn 

Email: xulu@aircas.ac.cn  

Email: sunchunling19@mails.ucas.ac.cn 

Email: wangchao@radi.ac.cn 
2
 Key Laboratory of Digital Earth Science, Aerospace Information Research Institute, Chinese Academy of Sciences, 

Beijing 100094, China 
3
 University of Chinese Academy of Sciences, Beijing 100049, China. 

1.  INTRODUCTION  

A rational allocation of agricultural resources is the key to maintain the balance of food supply and 

plays a vital role in the safeguarding of human livelihood. As the requirement of The United Nations 2030 

Agenda for Sustainable Development Goal 2.4 (ñBy 2030, ensure sustainable food production systems 

and implement resilient agricultural practices that increase productivity and production, that help 

maintain ecosystems, that strengthen capacity for adaptation to climate change, extreme weather, drought, 

flooding and other disasters and that progressively improve land and soil qualityò), it is necessary to 

conduct long-term agricultural monitoring to effectively assess the agricultural productivity at national, 

regional and even global scales, to promote the innovations in agricultural infrastructures and technologies, 

and thus contribute to the elimination of hunger. 

Rice is one of the most important grains for human, which accounts for 9% of world crop production 

(FAO, 2020). As the main staple food for the populations in Asia, Southern Europe, and parts of America 

and Africa, the timely monitoring of rice cultivation is direct related to the stability of food supply and 

quality of human nutrition. The Southeast Asia is a major rice producing and exporting area in the world, 

where the warm and humid climates create favorable conditions for multi-seasonal rice production. Due to 

the differences in economic policy orientations and cultivation traditions, Southeast Asia countries differ 

in agricultural productivity levels. The complicated topography also brings obstacles to field surveys. As a 

result, the distributions and the spatial-temporal patterns of rice in Southeast Asia are difficult to assess 

using traditional methods.  

As a reliable technology to gather large-scale earth surface information, remote sensing has been 

proved to be a promising solution to many environment problems. In the past decades, agricultural 

monitoring based on optical remote sensing data has been well developed in terms of theory, methods, and 

applications. However, optical remote sensing images covering the Southeast Asian region are difficult to 

be acquired stably and consistently due to frequent cloudy and rainy weather, and optical image-based rice 

extraction methods are often difficult to implement in the Southeast Asian region. Meanwhile, despite the 

thriving of large-scale land-cover-land-use (LULC) products in recent years 
[1-3]

, specialized information 

about rice distribution is still rare. Also, the annual or seasonal updating is hardly to achieve because of 

the difficult ies in data updating. 

The progress in Synthetic Aperture Radar (SAR) instruments has provided with new opportunities for 

the monitoring in tropical and subtropical regions for its all-weather and all-day imaging ability. The 

Sentinel-1 satellite, launched by ESA in 2014, has improved the spaceborne SAR revisit cycle to 12 days 

(or 6 days, if use both S1A and S1B satellites), allowing a more detailed depiction of rice growth patterns
 

[4-7]
. Meanwhile, the thriving in deep learning, cloud computing and parallel architectures have brought 

new inspirations to remote sensing data processing
 [8-10]

. Many deep learning models have been introduced 

into various SAR applications to deal with big data problems. In agricultural field, some preliminary 

results were achieved in Southeast Asian countries 
[11, 12]

, but the application of intelligent models in large-

scale rice mapping still need further research. 

mailto:hongzhang@radi.ac.cn
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Inspired by previous studies, this research intends to explore the feasibility of SAR in large-scale rice 

monitoring. The purpose is to produce the annual rice cultivation area product of Southeast Asia in 

resolution of 20m, on the basis of multitemporal Sentinel-1 GRD images. Targeting this task, the 

multitemporal backscattering features of rice fields were analyzed, and the U-Net segmentation model was 

introduced to learn the distinctive information of rice to achieve an accurate extraction of rice fields in 

Southeast Asia counties. This product is potential to offer cross validations for the multisource statistical 

data. As the supplement information for the LULC datasets, it will contribute to the assessment of rice 

planting intensity, and serve the stabilization of global grain prices.  

2. MATERIALS AND METHOD S 

2.1 Dataset  

The purpose of this research is to generate the annual rice cultivation area dataset from 2019 to 2021 

in the major rice production countries of Southeast Asia, including Thailand, Vietnam, Laos, Cambodia, 

and Myanmar. The difficulty of paddy rice mapping in these countries can be attribute to two factors: 1) 

the favorable climate for rice growing, which leads to a long cultivation time window; 2) the cultivation 

system that dominated by small-holder, which leads to casual cultivation practices. As a result, to fully 

capture the annually rice mapping conditions, all the available data during the whole year should be 

involved. In total, 2140 S1A and 554 S1B images that belonged to 91 frames of 12 orbits were collected, 

with 12-day revisit cycle and the 250km swath width (IW mode). 

Necessary preprocessing was conducted to the time-series data of each frame using the SNAP 

software provided by ESA. After thermal noise removal, registration, and multitemporal filtering, the 30m 

resolution Shuttle Radar Topography Mission (SRTM) DEM data was used for the radiometric calibration 

and geocoding. Finally, the backscattering sequences of VH and VV polarizations (  and ), were 

generated with a grid size of 20m, according to which the analysis of sowing and harvest patterns can be 

carried out.  

2.2 Methodology 

The topographical terrain in Southeast Asia is complex, and some cultivated plots are small in size 

and fragmented in shape, so that the spatial characteristics should be taken into consideration to depict the 

rice distribution accurately. To effectively combine the spatio-temporal information of time-series SAR, in 

our previous studies, we analyzed the backscattering responses of rice and non-rice land covers
 [13]

. To 

make full use of continuously observed time-series SAR data and meanwhile avoid the difficulties of 

generating backscattering evolution models, three temporal statistical features that highlight the most 

distinctive features during the growing of rice were extracted from the time-series of , and were 

stacked in to the U-Net sematic segmentation model for rice recognition 
[14]

.  

 

Fig. 1. Flow chart of the rice mapping method. 
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The proposed method groups the spatio-temporal information of time-series SAR. The consistence of 

temporal statistical features in different years and different areas were tentatively validated in our recent 

research 
[15]

. In other words, the classification models can be trained by a group of representative samples 

and then directly extended to the whole country. In this research, we used the training dataset mentioned 

in our previous study 
[14]

, which contained 15659 image patches with size of 224×224.  

3. RESULTS 

Fig.2 shows the preliminary results of the annual rice cultivation product in 2019. For now, the 

product includes Thailand, Vietnam, Laos, and Cambodia. The processing of the Myanmar datasets is in 

progress. Simultaneously, auxiliary data including Google Earth optical image, Sentinel-2 optical data, 

official statistics data and LULC products were collected, to inspect the quality of the rice extraction 

results. Compared with the validation dataset (which was composed of 2894554 pixels from 2021 ground 

parcels), the overall accuracy for the product in Thailand reached 91%, which displayed good consistence 

with the FROM-GLC global cover dataset. We are also working on the expansion of training dataset to 

improve the performance of the model. Hopefully, the formal version of the 20m annual rice cultivation 

product in 2019 covering 5 Southeast Asia countries could be released in the end of this year.  

 

Fig. 2. Preliminary result: the annual rice distribution map of Thailand, Vietnam, Laos, and Cambodia in 2019. 
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4. SUMMARY  

This research intends to generate an annual rice cultivation product from 2019 to 2021, based on the 

time-series Sentinel-1 data. Considering of the difficulties caused by the complex cultivation calendar and 

the irregular land parcels, a large-scale rice mapping scheme based on temporal statistic features and U-

Net model was proposed to capture the key information of rice growth. The preliminary results of 

Thailand, Vietnam, Laos, and Cambodia in 2019 is displayed in this paper, and the result of Myanmar is 

on the way. The initial accuracy assessment in Thailand validated the potential of the result. Now we are 

working on the refinement of the details and the enrichment of the training dataset. Meanwhile, the annual 

rice area product in 2020 and 2021 are in preparation. We expect that the product can serve SDG 2 by 

providing information of grain production in Southeast Asia, which assists land management, policy 

formulation and price stabilization.  
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1. INTRODUCTION  

Ensuring access to óClean Water and Sanitationô by 2030 (SDG 6) is one of the 17 UN Sustainable 

Development Goals (SDGs) to address water scarcity, of which SDG 6.4.2 is an indicator of ólevel of 

water stressô: the ratio of total fresh water withdrawn by all sectors to the water availability (WS, water 

stress). Water stress arises when the amount of water resources available does not meet water demand to a 

certain extent. It is estimated that more than 4 billion people worldwide face a blue water shortage for at 

least one month of the year 
[1]

, and that available surface and subsurface freshwater resources are not 

sufficient to meet human withdrawals. The commonly used method for evaluating WS is WSI (water 

stress index): the ratio of water consumption to the water availability. However, in order to consider the 

efficiency of water use, the ratio of water withdraw to the water availability is gradually being used more 

often. Further, Environmental flow requirements (EFR) is usually taken into account in the WS as well 
[2]

. 

WSI below 0.25 can be considered safe in any instance, whereas on the other, values above 0.25 should be 

regarded as potentially and increasingly problematic and should be qualified and/or reduced 
[3]

. 

The data needed for this calculation are often difficult to obtain at the regional scale, especially in 

regions with unique water resources endowments that do not fully take into account their water resources 

characteristics. In order to study WS at finer spatial and temporal scales, hydrological models have 

become effective tools. Many studies have performed WSI simulations at the watershed scale and raster 

scale 
[4,5]

. Furthermore, to better reflect the actual situation, Liu et al. simulate the WSI by considering the 

upstream and downstream relationship. It is found that considering the confluence and up and down has a 

greater effect on WS
 [6]

. Nevertheless, due to the lack of data on irrigation facilities, the water withdrawal 

methods used in the simulations nowadays are generally able to take only the runoff from local grid or use 

the rule of sub-basin leveling to divert water for irrigation. Lack of irrigation network may make WS 

overestimated in some areas. Furthermore, irrigation return flows are often assessed or ignored using the 

coefficient method, which may underestimate the available water resources in areas with high intensity 

irrigation. All these aspects will bias the local and regional WS assessments. 

In 2019, the national average WSI of China is 0.43, but there is significant variability between 

regions, e.g., WSI in Xinjiang is around 0.6
 [7]

, which would be in an extreme water stress state if 

environmental flows are considered. Focusing on finer spatial scales, the WSI exceeds 1.0 in most of 

northern and northwestern China
 [6]

. Water resources are scarce in the arid zone of northwest China, and 

cryospheric water resources are irreplaceably important to downstream oases. The Tarim River basin 

relies on oasis agriculture and is one of the regions with the strongest water tower functions and services, 

which is characterized by the human-water relationship of ówater defining the oasis, water defining the 

city, and water defining the industrial structure., and it is of great scientific and practical significance to 

assess the future sustainable development of oasis in the region. The study shows that the Tarim River 

basin is characterized by a ówarming and wettingô of the climate and an overall increase in water resources 

due to increased glacial ablation, but the increase in temperature and population will also lead to an 

increase in agricultural water demand. It is important to study how the WS of the Tarim River basin will 

change under the combined climate, cryosphere, and agriculture scenarios. 

2. MATERIALS AND METHOD S 
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2.1 Materials 

The data used in this thesis include both natural and crop components. The data information is shown 

in Table 1.  
Table 2. Data information 

Name Data Period 
Temporal 

resolution 

Spatial 

resolution 

Altitude STRM / / 1km 

Soil FAO / / 1km 

Glaciers GLIMS 2006 / / 

Meteorological data CRU 1980-2016 monthly 0.5° 

Runoff reference GRUN 1980-2014 monthly 0.5° 

Glacial runoff and area PyGEM 1980-2016 monthly / 

Crop land ESA 1992-2015 annual 300m 

Crop structure Farming the planet:2 2000 annual 5 arcmin 

Crop calendar MIRCA2000 2000 / 5 arcmin 

Irrigation efficiency statistical yearbook 1993-2016 / / 

RCPs CMIP5 2006-2099 / / 

The forcing data are downscaled by the Delta method, and processed with interpolation and bias 

correction processing.  

2.2 Methods 

Figure 1 shows a schematic diagram of the framework of the coupled WAPABA-AGR model. The 

irrigation withdrawal model couples the hydrological model (WAPABA) with the water balance of the 

agricultural model. The irrigation process connects the water demand of the agricultural model (GAEZ) 

with the actual irrigation of the hydrological model, thus changing the water balance of the downstream 

under irrigation conditions and affecting the actual evapotranspiration, soil water, groundwater and the 

corresponding hydrological processes. At the same time the downstream diversion irrigation module 

allows irrigation to affect river runoff downstream of the basin, thus changing the amount of water 

available downstream. 

 
Fig. 1. Schematic diagram of the framework of the coupled WAPABA-AGR model  

Based on the MCMC approach to calibrate hydrological modelling, the watershed water resource 

composition was first assessed and further simulated for irrigation, and finally WSI. 

3. RESULTS 

3.1 Water resources changes in the Tarim River basin 
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The runoff is divided into glacier runoff, snowmelt runoff, rainfall runoff, and baseflow respectively. 

The results show that the average natural discharge of Tarim River from 1980 to 2016 is close to 360 × 

10
8
 m

3
/a, and the increase rate over the past 37 years reached 0.8 × 10

8
 m

3
/a (Figure 2). Glacial runoff 

contributes significantly to the total runoff, with an average annual contribution of 28%, and together with 

snowmelt runoff contributes about 33%. The upper reaches of the Aksu, Yarkant and Hotan rivers account 

for an even higher percentage, with some area even exceeding 50% or more.  

As shown in Figure 2, the increase in annual natural discharge is mainly caused by increased glacial 

discharge, which increases in a rate of 0.57 × 10
8
 m

3
/a. Although snowmelt and rainfall runoff show 

increasing trends, the trends are insignificant and have no significant effects on total discharge. The 

increase in precipitation due to warming and humidification has a small effect on the increase in runoff 

from the watershed, but the effect of increasing temperature on glaciers is significant. 

  

  
Fig. 2. Natural discharge changes in the Tarim River from 1980 to 2016  

As shown in Figure 3, the intra-annual distribution of natural discharge shows a unimodal pattern, 

with glacier and rainfall discharge being the main sources of summer flooding, while snowmelt plays a 

lesser role. From the changes in the two periods (1980-2000 & 2000-2016), no major shift in the intra-

annual runoff process occurred, with a higher increase in runoff in August. 

 
Fig. 3. Changes in the intra-annual distribution of natural discharge in the Tarim River from 1980 to 2016  

3.2 Water stress index characteristics 
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As shown in Figure 4, irrigation network can effectively alleviate the problem of high WSI in most 

areas. In the local abstraction scenario, only the main river with high discharge has low WSI, while the 

majority of oasis areas produce little or no runoff, which would overestimate the WSI in most areas if 

irrigation facilities are not considered. On the other hand, the construction of irrigation facilities in the 

Tarim River basin has been effective in relieving water stress problems in most regions. However, the 

water stress problem in Kashgar and Hotan may require solutions in terms of significant improvements in 

irrigation efficiency and control the extent of arable land. 

 
Fig. 4. Distribution of WSI under local abstraction scenario and irrigation network scenario 

As shown in Figure 5, basin average WSI is on a downward trend. The WSI prior to 2000 was 

generally greater than 1.0, and the entire basin was at severe water stress levels. There was a gradual 

downward trend after 2000. The graph shows that the improvement in irrigation efficiency plays an 

important role in the decline of WSI. Of course, the increase in water resources also plays an integral role. 

However, there is still some distance to go compared to safe water pressure levels, but the progress over 

the past 37 years has been remarkable. 

 
Fig. 5. Distribution of WSI under local abstraction scenario and irrigation network scenario 

3.3 Cryospheric water resources relieve water stress 

As shown in Figure 6, The cryospheric water resources provided more than 30% of the irrigation 

water in July and averaged 21% throughout the year. With annual recharge rates increasing from about 

20% to about 30% over the past 37 years, cryospheric water resources are playing a more important role in 

relieving water stress. 
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Fig. 6. Ratio of cryospheric water resources to water withdraw in inter-annual scale and annual scale in Tarim River Basin from 

1980 to 2016 

 

3.4 Cryospheric water resources changes in future present opportunities and challenges on water stress 

Under the climate scenario, changes in climatic conditions and the cryosphere will have an impact on 

water resources. As shown in Figure 7, glacial discharge will experience tipping points at different times 

under different RCP scenarios, which will affect the tipping pattern of total discharge. Before the tipping 

point, total discharge will increase by about 5% to 20%, which will relieve some of the water stress and 

can bring some opportunities for agricultural development and ecological restoration of the oasis. 

However, it should be noted that after the tipping point, there will be a decline in water resources, and by 

the end of the century there will even be less total discharge than present, which will challenge the water 

stress and put agriculture and ecology at risk. 

 
Fig. 7. Natural discharge projections in the Tarim River under RCPs 

 

4. SUMMARY  

Tarim River basin is characterized by a ówarming and wettingô of the climate and an overall increase 

in water resources due to increased glacial ablation, but the increase in temperature and population will 

also lead to an increase in agricultural water demand. It is important to study how the WS of the Tarim 

River basin will change under the combined climate, cryosphere, and agriculture scenarios. A new 

developed coupled WAPABA-AGR model was used to investigate historical change of WSI in Tarim 

River Basin. Results indicates basin average WSI a downward trend, the WSI prior to 2000 was generally 

greater than 1.0, and the entire basin was at severe water stress levels. There was a gradual downward 

trend after 2000. The results shows that the improvement in irrigation efficiency plays an important role in 

the decline of WSI. Furthermore, the cryospheric water resources provided more than 30% of the 

irrigation water in July and averaged 21% throughout the year. With annual recharge rates increasing from 

about 20% to about 30% over the past 37 years, cryospheric water resources are playing a more important 

role in relieving water stress. Future projections indicate that cryospheric water resources will present 

opportunities for oasis development in the mid-century, but will present challenges towards the end of the 

century. 
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1. INTRODUCTION  

Risk perception is an imperative predictor that influences the functionalities of disaster risk mapping 

and its associated decision-making process. This disaster risk-sensitive perception building on judgment 

and experience empowers self-efficacy, risk reduction efficiency, self-preparedness, and the anticipation 

capacity of hazards. However, understanding of risk perception and implications for risk estimation is 

poorly documented in disaster literature. With this context, the study aimed to (i) identify and map the 

ranking of natural hazards in local communities by the residents; (ii) develop a comparative hazards 

profile using a place-based model, and (iii) estimate the potential impacts of or severity of hazards on 

coastal communities of Bangladesh.  

2. MATERIALS AND METHODS  

This study attempted to develop a perception-based risk profile of a coastal community by applying a 

mixed-method research design. For assessing risks of the coastal communities, we selected four villages 

using a simple random sampling procedure to nine unions of Dacope Upazila ï Phankhali-1 and Khatail 

villages of Phankhali union, Kamarkhola village of Kamarkhola union, and Tildanga village of Tildanga 

union. A semi-structured interview schedule was administered among 159 of the hazard-prone households. 

For understanding risk perception, following Nirupama (2012), we used the Risk Perception Index as: 

[ ; where RI = Risk Index, PH=the probability of a hazard, V= the degree of 

severity, and CP=Community perception on the consequences of hazards.  

3. RESULTS 

The results of the Risk Indexcp revealed that the coastal communityôs perception of environmental 

pressures was profoundly modified by both biophysical and social systems ï especially the factors 

associated with social, economic, and health domains.  The average likelihood of hazards ranged from 

4.626 (frequent or very likely) to 1.497 (a highly unlikely or rare event); community perception of risk 

ranged between 12% and 100%. The findings of Risk Indexcp further revealed that the community was 

highly exposed to hydro-meteorological hazards, such as cyclone, storm surge, salinity intrusion, coastal 

floods, waterlogging, and heavy precipitation; the probability of occurrences of these hazards was 

calculated to be ñvery likelyò (every 1 ï 5 years). 

4. SUMMARY  

In the context of natural disasters, the RIcp suggests that a comprehensive risk assessment approach 

needs to integrate peoplesô perception into risk identification, risk estimation so that the outputs could be 

used in risk reduction measurements or interventions.  Such inclusivity of local community membersô 

perspectives will strengthen the conventional probabilistic disaster-risk calculation. The Bangladeshôs 

coastal community case study demonstrates a successful application of this newer approach.    
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1. INTRODUCTION  

Water is not only equal to life but also a strategic resource for sustainable development of regional 

economy and ecological environment 
[1,2]

. Today about 2.4 billion people worldwide live in highly water-

stressed areas, because of the uneven temporal and spatial distribution of available renewable freshwater 

resources. This issue is especially acute in Central Asia. Climate change has already accelerated the rate of 

evaporation, causing inland lakes such as the Aral Sea and Lake Balkhash to dry up and threatening the 

normal water supply 
[3-5]

. In 1991, the independence of Central Asia meant the collapse of the economic 

system and the ensuing widespread socioeconomic upheaval 
[6]
. The regionôs major rivers also became 

transboundary rivers. This has left a legacy of international transboundary disputes over water allocation 

due to conflicting interests between upstream hydropower generation by Tajikistan and the downstream 

water needs of Turkmenistan and Uzbekistan for cotton, rice and wheat irrigation 
[7,8]

. In addition, due to 

the population explosion, urban migration human activities including change in land use and dam 

construction, water resource allocation in Central Asia has become a big and complicated problem. 

A reliable and adequate supply of water is one of the key elements addressed by the Sustainable 

Development Goals (SDGs) agreed by the United Nations in 2015. To better monitor progress towards the 

target of sustainable utilization of water resources, two indicators are used: Indicator 6.4.1 measuring 

water use efficiency and 6.4.2 measuring the level of water stress. However, the two indicators do not 

directly describe the relationship between the sustainable use of water resources in various countries with 

the population and economy, nor do they combine this relationship to propose corresponding improvement 

measures from the perspective of water resources management. Therefore, we choose water resources 

carrying capacity (WRCC) that can scientifically understand the water resources carrying capacity 

threshold and overload risk to assess the sustainable utilization of water resources. As an innovative 

concept, WRCC was first put forward by the Xinjiang Water Resource Soft-Science Research Group in 

1989. Currently, WRCC is defined as the maximum socioeconomic scale or water resource availability 

that can be carried by water resources under various constraints 
[9]

. In this paper, we define it as the 

maximum population size in a region that can be supported by water availability a certain level of 

economy, technology and welfare, following the principle of the sustainable development. In this paper, 

we apply WRCC to the assessment of sustainable utilization of water resources in Central Asia to 

quantitatively reveal the cross-country differences and to promote sustainable development in countries 

along the Belt and Road. 

2. MATERIALS AND MET HODS 

2.1 Materials 

The data related to water resources used in this paper, which include water resources and water 

withdrawal (1995-2020), were obtained from the United Nations Food and Agriculture Organization 
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(FAO). GDP, GDP per capita and total population of the five countries of Central Asia (1990-2020) were 

acquired from the World Bank. And the indicator domestic water withdrawal as % of total water 

withdrawal (%) was obtained from a report produced by the Organization for Economic Cooperation and 

Development (OECD). 

2.2 Methods 

After meeting the water demand of ecosystem, the maximum population was taken as the object 

function, and water use efficiency and social welfare were set as the constraints. The related equations are 

given as follows: 

AR = Total renewable water resources - Environmental flow requirements                     (1) 

Total water withdrawal = Domestic water withdrawal + (Agricultural water withdrawal + Industrial 

water withdrawal + Service water withdrawal )                      (2) 

pDU = Domestic water withdrawal / Pop                     (3) 

tPU = (Agricultural water withdrawal + Industrial water withdrawal + Service water withdrawal )/ GDP                     

(4) 

where AR [10
9
 m

3
 year

-1
] is the available water resources; The units of Total renewable water 

resources, Environmental flow requirements, Total water withdrawal, Domestic water withdrawal, 

Agricultural water withdrawal, Industrial water withdrawal, and Service water withdrawal are all [10
9
 m

3
 

year
-1
]; Pop [-] is the total population; GDP [current US$] is the Gross Domestic Product; pDU [m

3
 year

-

1
]is the domestic water withdrawal per capita; tPU [m

3
 US$

-1
 year

-1
] is water use efficiency. Substituting 

Eqs. (2) ï (4) into Eq. (1), the WRCC can be written as: 

                      (5) 

where pGDP [current US$]is the GDP per capita. In order to evaluating the WRCC, we used water 

resources carrying capacity index (WRCI) to represent the six carrying types as shown in Table 1. And the 

WRCI can be represented as follows: 

                      (6) 

Table 3. Division criterion of WRCI 

WRCI Types 

Highly surplus (0, 0.6) 

Moderate surplus [0.6, 0.8) 

Lowly surplus [0.8, 1.0) 

Lowly overload [1.0, 1.2) 

Moderate overload [1.2, 1.4) 

Highly overload [1.4, +Ð) 

3. RESULTS 

3.1 Evaluation of WRCC 

Based on the available water resources, technical level, and social welfare, the population that the 

water resources of Central Asia could carry in 1995, 2000, 2005, 2010, 2015 and 2020 were calculated by 

using Eq. (1)-(5). The results are shown in Fig. 2. Kazakhstan had a significantly higher WRCC than the 

other four countries, up to 15 times higher. The WRCC of all five Central Asian countries was increasing 

due to the improvement of water use efficiency. 
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Fig. 2. The calculated WRCC of Central Asia in 1995, 2000, 2005, 2010, 2015 and 2020 

3.2 Evaluation of WRCI 

Based on the population in each year and the calculated population carried by the water resources, the 

WRCI in each area in Central Asia was obtained, as given in Fig. 3. There were significant differences in 

the WRCI of the five Central Asian countries, with Kazakhstan and Kyrgyzstan as highly surplus, 

Tajikistan as moderate surplus, and Turkmenistan and Uzbekistan as highly overload. In terms of temporal 

changes, the sustainable utilization of water resources in Central Asia was increasing, but not significantly. 

 
Fig. 3. The calculated WRCI of Central Asia in 1995, 2000, 2005, 2010, 2015 and 2020 

4. SUMMARY 

Through the analysis of the main data related to water resources and water withdrawal and the main 

indicators of the World Development for Central Asia, we can conclude that Kazakhstan had the most 

sustainable utilization of water resources, while Turkmenistan and Uzbekistan were facing a huge water 

crisis during 1995-2020. Therefore, we assume that the maximum population that can be carried by water 

resources in each year is 1 time, 1.25 times and 1.67 times as the total population of the year, the tPU can 

be calculated as Table 2. Because tPU of Kazakhstan can be as low as 0.14 under the Status Quo, the tPU 

we calculated for Turkmenistan and Uzbekistan can be achieved. The government can take measures to 

reduce the production water withdrawal in order to reach these goals. 

Table 2. The calculated tPU Turkmenistan of Uzbekistan and after adjusting WRCI level 

Year Turkmenistan 1.0 0.8 0.6 Kazakhstan Kyrgyzstan Tajikistan 

1995 9.59 7.60 6.04 4.48 1.34 5.89 8.14 

2000 8.78 6.48 5.15 3.81 1.16 6.66 11.01 

2005 3.37 2.32 1.84 1.36 0.38 3.13 4.59 

2010 1.21 0.83 0.66 0.49 0.14 1.54 1.59 

2015 0.76 0.53 0.42 0.31 0.13 1.10 0.89 

2020 0.54 0.37 0.30 0.22 0.14 0.95 1.12 

Year Uzbekistan 1.0 0.8 0.6 Kazakhstan Kyrgyzstan Tajikistan 

1995 4.21 2.39 1.87 1.35 1.34 5.89 8.14 

2000 4.10 2.32 1.81 1.30 1.16 6.66 11.01 

2005 3.66 2.24 1.76 1.27 0.38 3.13 4.59 

2010 1.00 0.64 0.50 0.36 0.14 1.54 1.59 

2015 0.65 0.37 0.29 0.20 0.13 1.10 0.89 

2020 0.93 0.53 0.41 0.29 0.14 0.95 1.12 
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1. INTRODUCTION  

The promotion of renewable energy as a substitute for fossil fuels is the key solution to achieving the 

goals agreed on by the member countries during the UN Climate Change Conference in Glasgow (COP26), 

that is, to phase down coal power and achieve net-zero carbon emissions. Among the various renewable 

energy sources, solar energy is an attractive option that will have a significant effect on the future of 

energy supply and energy use. In this study, we evaluated the solar energy simulated by the WRF-Chem 

during 2016ï2020 and quantified the relative contributions of the aerosol direct effect (ADE), aerosol 

indirect effect (AIE), and cloud radiation effect (CRE) to solar energy. 

2. MATERIALS AND METHOD S 

An online-coupled meteorologyïchemistry model, WRF-Chem v4.2, was used to simulate the 

transformation of chemical species (both trace gases and aerosols) as well as meteorological fields and 

their interactions 
[2][4]

. The horizontal resolution of the model domain is 36 km, with a total of 160 × 123 

grid points in the eastïwest and southïnorth directions covering the whole country of China. The vertical 

direction has been divided into 36 vertical levels extending from the surface to 10 hPa. The meteorological 

initial and boundary conditions were derived from the European Centre for Medium-Range Forecasts 

Reanalysis v5 (ERA5, 0.25° × 0.25°)
 [6]

. The chemical initial and boundary conditions were obtained from 

the output of the Community Atmosphere Model with Chemistry (CAM-chem) in the NCAR Community 

Earth System Model (CESM2.0) 
[1]

. Numerical experiments were conducted from December 1, 2015, to 

January 1, 2021. The carbon bond mechanism (CBMZ) 
[10]

 for gas-phase chemistry, and 4-bin version of 

the model for simulating aerosol interactions and chemistry (MOSAIC) 
[11]

 for aerosols are used. The 

anthropogenic emissions of CO, NOx, SO2, VOC, BC, OC, PM2.5, and PM10 in 2016 were based on 

Tsinghua Universityôs 2016 monthly emission inventory 
[7][12]

. The anthropogenic emissions from 2017 to 

2020 were calculated based on the 2016 emissions using the annual emission factor 
[9]

. Biogenic emissions 

were calculated online by using a model of emissions of gases and aerosols from nature (MEGAN) 
[5]

. 

Dust emissions were calculated online according to the method of 
[8]

. Sea salt emissions were calculated 

online according to the method of 
[3]

. We conducted four sensitivity experiments by turning the ADE, AIE, 

and CRE on/off to quantify the contributions of the ADE, AIE, and CRE to the change in solar energy 

trends. Table 1 lists the sensitivity experiments. The difference between the EXP_CTRL and 

EXP_NOADE represents the impact of ADE on solar energy trends. The difference between the 

EXP_CTRL and EXP_NOAIE represents the impact of AIE. The difference between the EXP_CTRL and 

EXP_NOCRE represents the impact of CRE on solar energy trends. 

Table 1. Configurations of the model sensitivity experiments. 

Experiments ADE AIE CRE 

mailto:mgzhang@mail.iap.ac.cn
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EXP_CTRL ON ON ON 

EXP_NOADE OFF ON ON 

EXP_NOAIE ON OFF ON 

EXP_NOCRE ON ON OFF 

Equation (1) was used to calculate the contributions of the ADE, AIE, and CRE to solar energy 

trends: 

,    (1) 

where  is the change in the solar energy trends due to the ADE, AIE, and CRE. When the 

relative contribution percent is higher than 0, it represents a positive contribution, which means that the 

solar trends increase when ADE, AIE or CRE is turned on. When the relative contribution percent is 

below 0, it represents a negative contribution, which means that the solar trends decrease when ADE, AIE, 

or CRE is turned on. 

3. RESULTS 

The aim of our study was to quantify the contributions of aerosols and clouds to solar energy trends 

in China by applying the WRF-Chem model to the period 2016ï2020. Figure 1 shows the relative 

contributions of the ADE, AIE, and CRE to solar energy trends calculated by using Equation (1). The 

relative contributions of aerosols and clouds to solar energy trends are different in horizontal distribution. 

Figure 9(a) shows that the ADE positively affects the solar energy trends in China, with the largest 

contribution exceeding 70% in northern China and ~60% in several regions of Xinjiang. High PM2.5 

concentrations (exceeding 80 ɛg m-3) and significant decreases (-6 ɛg m-3 yr-1) during 2016ï2020 

contribute to the increase in the solar energy in northern China. The increase in the CF (<0.4% yr-1) is too 

small to affect the solar energy during 2016ï2020 in northern China (Figure 7). The positive contribution 

of the ADE to solar energy in several parts of Xinjiang during 2016ï2020 is also due to the significant 

decrease in the PM2.5 (4 ɛg m-3 yr-1). The ADE affects the solar energy by absorbing and reflecting solar 

radiation; thus, the decrease in the PM2.5 leads to an increase in the solar energy during 2016ï2020 in 

northern China and parts of Xinjiang. Figure 9(b) shows that the AIE positively affects the solar energy, 

mainly in Guangxi and the southern QinghaiïTibet Plateau, with a maximum contribution of 60%. The 

decrease in PM2.5 leads to a decrease in the clouds through the AIE during 2016ï2020. Therefore, the 

solar radiation reflected by clouds decreases, leading to an increase in the solar energy. Negative 

contribution of the AIE to solar energy in several parts of the northern China and northern Xinjiang, with a 

maximum contribution of -40%. Figure 9(c) shows that the contribution of the CRE to solar energy differs 

in different regions. A positive contribution can be mainly observed in Guangdong, Xinjiang, and Tibet, 

where the PM2.5 concentration is low (60%, 70%, and 80%, respectively). The CF significantly decreases 

from 2016ï2020 in Guangdong, Guiyang, Xinjiang, and Tibet, with a value of -2%, -1%, -0.4%, and -

0.6% yr-1, respectively (Figure 7). The decrease in the CF leads to less solar radiation being reflected or 

absorbed by clouds and thus results in an increase in the solar energy from 2016ï2020 in these regions. 

The negative contribution of the CRE to the solar energy can be mainly observed in the Sichuan Basin and 

Northeast China, with the largest contributions exceeding -70% and -50%, respectively. In these two 

regions, the CF significantly increases (1.5% yr-1 and 0.3% yr-1) from 2016ï2020. The increase in the CF 

brings about more solar radiation to be absorbed or reflected by clouds, resulting in a decrease in the solar 

energy from 2016ï2020 in the Sichuan Basin. 
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Fig. 1. Relative contributions of the ADE, AIE, and CRE to the solar energy (%) during 2016-2020 in China. 

4. SUMMARY  

We selected the period of 2016ï2020 during which the aerosol concentration gradually decreased due 

to strict pollutant control measures to evaluate solar energy simulations based on the Weather Research 

Forecast-Chemistry (WRF-Chem) model. We also analyzed the contributions of the aerosol direct effect 

(ADE), aerosol indirect effect (AIE), and cloud radiation effect (CRE) to solar energy trends by 

conducting sensitivity experiments. The results show that the WRF-Chem model performs well for the 2 

m temperature (T2), cloud fraction, PM2.5, solar energy trends during 2016ï2020. There are regional and 

seasonal differences in the contributions of ADE, AIE, and CRE to solar energy trends, with a decrease in 

ADE contributions and an increase in CRE contributions from north to south in China, and the AIE 

contribution being relatively slight. On an annual scale, ADE is the main contributor to the increase in 

solar energy trends in the Beijing-Tianjin-Hebei (89%) and Fenwei Plains (83.9%) from 2016 to 2020, 

which is related to the horizontal distribution of PM2.5. In the Yangtze River Delta and other regions, 

ADE and CRE contributed equally to the increase in solar energy trends, about 40%. In the Pearl River 

Delta and Sichuan Basin, the contribution of CRE is larger than that of AIE and ADE, the Pearl River 

Delta region is the largest contributor of CRE to the annual solar energy trends among the five major 

urban agglomerations, with a contribution of 78.4%, and Sichuan basin is the only region where CRE has 

a negative contribution to the annual solar energy trends (-59.1%). On the seasonal scale, the contribution 

of CRE is dominant except for the greater positive contribution of ADE to the solar energy trends in 

spring, summer, and autumn in Beijing-Tianjin-Hebei and in autumn in Fenwei Plain. 
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1. INTRODUCTION  

Pakistan is a fast developing but also an extremely short of electricity country, with weak power 

infrastructure (Valasai et al. 2017). A nationwide blackout on January 9, 2021 plunged Pakistan into 

darkness at night and further focused global attention on the country's power shortages. The power 

problems in Pakistan are mainly reflected in four aspects: the contradiction between the accelerated 

modernization process and the increase of power consumption demand, the unreasonable structure of 

industrial power consumption and household power consumption, the unreasonable structure of fossil 

fuels and clean energy, and the huge gap between the rich and the poor in power consumption (Alter and 

Syed 2011). The construction of energy projects is the key priority of CPEC, including power stations and 

transmission projects, which will greatly alleviate power shortages in Pakistan (Mirza et al. 2019). 

Estimation of China-Pakistan economic corridor construction since the electric power consumption, 

understanding the power consumption of time and space change pattern, and analyzing the energy changes 

in Pakistan power consumption before and after the completion of the project will have great significance 

on optimizing investment programs and power plant and reasonable layout. It will also be helpful for the 

adjustment of the energy structure, energy future cooperation with Pakistan electric power sustainable 

development to provide data support and decision-making basis. 

2. MATERIALS AND METHOD S 

To provide a consistent dataset of EPC in Pakistan and a comprehensive assessment of changes in its 

spatiotemporal patterns during the last decades, we used NASA NPP/VIIRS DNB black marble product to 

estimate the monthly and yearly EPC in Pakistan at a 15 arc second spatial resolution for the period 2013 

to 2020. We then analyzed the spatiotemporal pattern variation by CPEC.  

2.1 1. NASA Black marble nighttime light Product for EPC estimation 

The NASA black marble nighttime light product were used in this study. The product retrieval 

strategy uses a novel ñTurning off the Moonò approach that combines cloud-free, atmospheric-, terrain-, 

vegetation-, snow-, lunar-, and stray light-corrected nighttime VIIRS DNB radiances, daytime DNB 

surface reflectance, bidirectional reflectance distribution function (BRDF)/albedo, and lunar irradiance 

values to minimize the influence of extraneous artifacts and biases  

2.2 2. GTWR model to estimate EPC from nighttime light product 

The GTWR model was employed to model the space-time relationship between electricity 

consumption and nighttime light radiance. GTWR model considers both the spatial nonstationary of 

geographic data and temporal effects in the calculation model. Formally, GTWR can be expressed as 

Equation (1). 
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For each observation i (i=1,2,én), Yi is the dependent variable, whereas Xik is the kth explanatory 

variable. (ui,vi,ti) represents the space-time coordinates of observation i. ui and vi are the spatial 

coordinates, whereas ti is the temporal coordinate. 0( , , )i i iu v tb  is the intercept value, and 

( , , )k i i iu v tb  denotes the regression coefficient.  

3. RESULTS 

3.1 Spatial distribution pattern of power consumption in Pakistan 

Overall, Pakistan's electricity consumption is mainly concentrated in the eastern plain region, and the 

eastern region is higher than the western region. The direction of power consumption in Pakistan is 

obvious, with a northeast - southwest distribution. Most of Pakistan's mountainous areas have an average 

of zero power consumption and are mostly sparsely populated areas with no lights at night. The socio-

economic activities in these regions showed fewer characteristics of low power consumption. In Pakistan, 

the area with average power consumption greater than 0 is about 121,480 km
2
, accounting for 14.84% of 

the land area. In terms of administrative divisions, the consumption of electricity in Punjab and Sindh 

provinces of Pakistan is significantly higher than other regions. Punjab and Sindh are important economic 

and cultural centers of Pakistan. Big cities such as Lahore, Karachi and Sukkur consume a lot of electricity. 

The two provinces occupy a large proportion of industrial enterprises, education, economic and other areas 

of good development. Islamabad area is the capital of Pakistan, and is the cultural and political center of 

the country, electricity consumption of the country's top cities. The spatial distribution characteristics of 

power consumption in Pakistan are closely related to the overall distribution of the country and the 

development degree of each region. 

 

3.2 Temporal and spatial patterns of power consumption in Pakistan from 2013 to 2020 

The change slope of time series of power consumption can reflect the change trend of power 

consumption. The larger the change slope is, the faster the regional economy develops. Overall, power 

consumption in Pakistan increased rapidly from 2013 to 2020. In 2020, compared with 2013, power 

consumption increased by 2.7684 billion Kwh, with an average annual increase of nearly 350 million Kwh. 

Power consumption showed an increasing trend from west to east. The area with a change slope of 0 

accounted for 45.42% of the total area from 2013 to 2020, while 6.46% of the area saw a significant 

increase in power consumption. Specifically, the increase in power consumption is mainly concentrated in 

large and medium-sized cities in Pakistan, such as Islamabad, Karachi and Lahore. The economic and 

cultural development and the power generation and transmission resources of the China-Pakistan 

Economic Corridor power station are the main reasons for the increase in power consumption. In the 

urban area, the urban spatial change area is mainly concentrated in the urban periphery area rather than the 

urban center area, and the increase of power consumption in suburban area is higher than that in the 

central area. 

4. SUMMARY  

This study developed the high spatial resolution EPC datasets based on the night light data and 

statistical data of power consumption from 2013 to 2020. The spatio-temporal variation patterns of the 

electricity consumption in Pakistan since China Pakistan economic corridor power project construction 

were then analyzed.  It can provide important scientific data support for the monitoring of realization 

process the SDG 7 affordable and clean energy and SDG 11 sustainable community. 
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1. INTRODUCTION  

China is one of the top emitters of most key air pollutants. Most of China's major cities cannot meet 

the recently upgraded ambient air quality guidelines from the World Health Organization, while the major 

pollutants are PM2.5 and ozone 
[1, 2]

. SO2 and NOx are critical precursor pollutants PM2.5 and ozone. Energy 

consumption dominates the anthropogenic emissions of CO2, SO2 and NOx.  

Various policies have been enacted to tackle the mounting environmental problems and a large 

quantity of facilities has been installed. China has witnessed its average thermal efficiency of coal-fired 

power sector surpassing that of the United States, largely through shutting down inefficient small plants 

and building efficient large ones 
[3]

. However, bottom-up studies have reported significant overestimation 
[4]

 and underestimation of Chinaôs emissions 
[5]

. At the end of 2012, about 95% coal-fired power plants had 

installed Flue-Gas Desulfurization (FGD) facilities for SO2 mitigation and about one-third had Selective 

Catalytic Reduction (SCR) facilities for NOx mitigation, both capable of avoiding over 90% emissions 
[6]

. 

The operation and maintenance of these facilities are very expensive (over 1 million RMB per day for one 

coal-fired power plant with four 600 MW generators). One critical factor to encourage their normal 

operation is to catch enough non-compliance cases and issue severe enough penalty 
[7]

. 

The current emission data reporting system in China is largely bottom-up, which could potentially 

suffer from two major problems. First, energy and environmental monitoring and reporting in China at 

present generally have to pass through, and inspected by, polluting firms and various levels of local 

government and relevant agencies before reaching the central government. Most of environmental policy 

implementation capacity, such as personnel and governmental expenditure, is in local governments, while 

the central government is mainly in charge of policy making. Emissions of CO2, SO2 and NOx are 

generally calculated via bottom-up energy consumption data and emission factors 
[4, 8, 9]

. This approach is 

often subject to the influence of intentional distortions for the interest of stakeholders along the path 
[10]

. 

China has been exerting increasingly high pressure on local governments and energy-intensive firms to 

achieve top-down energy and emission control goals from the central government. In comparison to the 

technologically challenging, economically expensive, and politically difficult tasks of actual mitigation, it 

could be much easier and convenient to twist the reported numbers. Furthermore, another shortcoming is 

the potentially high costs. Because of Chinaôs sheer size, the large system involves numerous personnel 

and occupies substantial resources. In the 12th Five-Year Plan (2011-2015) alone, the Chinese 

government planned to invest 40 billion RMB (~US$6.3 billion) to enhance related environmental 

regulation capacity 
[11]

. 

Adopting an economic theory on crime and punishment 
[12, 13]

, enforcement models explain why a 

polluting firm complies, or does not comply, with an environmental policy based on the economic 

calculation of costs and benefits responding to enforcement activities. A key research question is how to 

deter environmental non-compliance effectively. With different data and methodology, studies have 

concluded that detection probability is more important 
[14]

, punishment severity is more important 
[15]

, and 

both are important 
[16]

. Studies found that policing strategies are of only minor significance, while the 
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number of police ï total monitoring, reporting and verification (MRV) expenditure ï may explain a large 

proportion of the crime rate change 
[17]

.  

Environmental non-compliance is one of the most important reasons that lead to earlier 

environmental crises in China 
[7]

. Non-compliance cannot be deterred without a high enough proportion of 

cases being caught and punished 
[7]

. Catching non-compliance could be achieved through various means. 

Different MRV techniques may have different detection probabilities of non-compliance cases. 

Continuous emission monitoring systems (CEMSs) have been widely used in the United States to provide 

accurate data on SO2 emissions and monitor compliance 
[18]

, while the poorer quality of CEMSs in China 

often fail to achieve such accuracy and they are mainly used to provide guidance for occasional site 

inspections 
[7, 19]

.  

Remote sensing technologies have become increasingly important in environmental non-compliance 

monitoring with the potential to alleviate the above two shortcomings of the current data reporting system. 

First, remote sensing technologies could circumvent various levels of local governments and polluting 

sources to provide top-down, objective data without subjective distortions 
[20]

. Second, remote sensing 

technologies could potentially provide a relatively low-cost means to monitor polluting sources. Although 

each satellite observing the Earth's CO2 and air quality could cost a few hundred million US dollars, such 

as the newly launched OCO-2 satellite for CO2 monitoring by NASA with a price tag of US$465 million, 

its wide spatial and regular coverage could substantially reduce the average costs per polluting source 
[21]

. 

Remote sensing technologies using satellites could provide large-scale spatial coverage of multiple 

pollutants 
[22]

. The measurement extends to areas either inaccessible or beyond the current ground 

monitoring network, while the spatial resolution is coarse 
[22]

. Remote sensing data have been successfully 

applied in China to examine the impacts of environmental policies on pollutant emissions from coal-fired 

power plants 
[23, 24]

. However, the objective data have not been systematically integrated with 

governmental institutions to examine when and why environmental policies are effectively enforced to 

encourage active enforcement and honest compliance. 

Satellite data can provide important complements with objective observations and much lower 

monitoring costs per polluting source, but their accuracy has not reached a level to replace the MRV 

system. This study is aimed at integrating the informative yet imperfect data to screen form possible 

violations, and then using MRV or environmental inspections to target those suspicious polluters or 

regions for confirming environmental compliance statuses before issuing penalty
[25]

.  

2. MATERIALS AND METHOD S 

2.1 Data 

2.1.1 OMI satellite observations 

The Ozone Monitoring Instrument (OMI) on-board Aura, launched in 2004, is a nadir-viewing 

Ultraviolet/Visible spectrophotometry imaging spectrograph with its wavelength ranging from 270 to 500 

nm 
[26]

. The spatial resolution of OMI ranges from 13km x 24 km at the nadir to 28 km x 150 km at the 

outermost swath angle 
[26]

. Tropospheric NO2 (OMNO2) and planetary boundary layer SO2 (OMSO2) of 

level 2 swath products are used 
[27, 28]

. Pixels affected by ñrow anomaliesò (see 

http://www.knmi.nl/omi/research/product/rowanomaly-background.php) are excluded and only sky data 

with a cloud radiance fraction of each scene less than 20% are used 
[29, 30]

. 

2.1.2 Data of coal-fired power plants 

Data of coal-fired power plants is derived by combining Global Coal Plant Tracker and the lists of 

sulfur and nitrogen control facilities for coal-fired generation units published in July 2014 by the Ministry 

of Ecology and Environment of the People's Republic of China 
[31, 32]

. In total, 1225 coal-fired power 

plants are included. 

2.2 Methods 

2.2.1 Time-series of emission level of coal-fired power plants 

http://www.knmi.nl/omi/research/product/rowanomaly-background.php
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Since the spatial resolution of OMI observations is relatively low, the emission level of coal-fired 

power plants is represented by the observations in a moving space-time window with the spatial radius of 

2km and the time length of one year. The emission level of coal-fired power plant i at time t is represented 

as the mean value of observations with its distance from i no more than 2km and its time difference from t 

no more than a half year.  

2.2.2 Subtracting local background value 

To minimize the impact from local background value on the emission signals, the signals are 

represented by VCD enhancements by subtracting background value from the original observations. Coal-

fired power plants are clustered using a DBSCAN method to derive the local background areas of coal-

fired power plants and coal-fired power plants clusters, and the calculation details can be found in 
[33]

.  

2.2.3 Compliance status 

One coal-fired power plant can go through various compliance statuses over time after it was 

equipped with FGDs and SCRs. In this study, we divided compliance statuses into three statuses: 

improving status indicating a good compliance behavior, worsening status indicating a non-compliance 

behavior and maintenance status indicating a status with no significant difference from the previous one. 

The improving status is determined by a significant decreasing trend (negative slope and p <= 0.1) over 

the period, the worsening status is determined by a significant increasing trend (positive slope and p <= 

0.1) over the period, and the maintenance status is determined by a not significant trend (p > 0.1) over the 

period. 

2.2.4 Selective implementation 

Sometimes, polluters may define their emission control tasks based on their own cost-benefit analysis 

and perform differently between environmental policies that must be executed and those they can ignore, 

which is called ñselective implementationò. Based on the emission levels of SO2 and NO2, we can further 

derive a signal of selective implementation by finding the periods of good control of one pollutant while 

maintaining bad control with the other one, as shown in table 1.  
Table 4. Selective implementation determination 

 SO2 good control SO2 bad control 

NO2 good control Good environmental control Selective implementation (NO2) 

NO2 bad control Selective implementation (SO2) Bad environmental control 

3. RESULTS 

3.1 Dynamic compliance of large coal-fired power plants (>=600MW) 

 
Fig. 1                                                                                                       Fig. 2 

Fig. 1. Pixel average SO2 VCD over coal-fired power plants, local background and enhancement, as well as for entire China, and 

the curve for SBR. 
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Fig. 2. SO2 VCD enhancements over three Five-Year Plans (taking SO2 VCD enhancements of January in 1st year as 100) 

Signal-to-background ratio (SBR) of coal-fired power plants is calculated as the ratio between S and 

its corresponding B, indicating the impacts of SO2 emissions from a coal-fired power plant on its VCD, 

which is expected to be greater than 1. SBR fluctuated between 2.3 and 2.7 before 2013, and showed a 

continuous downward trend after 2013. 

SO2 VCD enhancements of coal-fired power plants decreased by 94.33 % or 0.466 DU from 0.494 

DU on 1
st
 January 2006 to 0.028 DU on 1

st
 April 2020. However, most of the reduction took place in only 

two short periods, being 0.221 DU in 2008 and 0.149 DU in 2013-2015, corresponding to two crucial 

environmental policies. One policy was the ñmanagement on desulfurization electricity price of coal-fired 

generating units and the operation for desulfurization facilities (Trial)ò entered into force on 1
st
 July 

2007
[34]

. The other policy was the ñupgrading and retrofitting action plan for energy conservation and 
pollution mitigation in the coal-fired power sectorò (here after ñultra-low emissionò policy), carried out in 

September 2014. However, some regions might have started renovating its coal-fired power plants earlier 

than the ñultra-low emissionò policy. Thatôs because the state council carried out the policy ñAction Plans 

on Air Pollution Prevention and Controlò on 10
th
 September 2013 to control PM10 and PM2.5, in which 

renovating coal-fired power plants and controlling SO2 emissions of coal-fired power plants were also 

important tasks
[35]

. Thus, regions like Beijing-Tianjin-Hebei area, Yangtze River Delta and Pearl River 

Delta, which were main monitoring regions of PM10 and PM2.5, may have started the task since September 

2013
[35]

. 

3.2 Compliance circle over Five-Year Plans 

Five-Year Plans demonstrated profound impacts on SO2 mitigation. On the one hand, their stringent 

goals of SO2 mitigation and environmental clean-up guide active policy making and implementation
[25]

. 

On the other hand, not every year is equally important. Goals in Chinaôs Five-Year Plans generally 

compare the final year in the current Five-Year Plan with the final year in the previous one. The incentives 

for goal attainment are also mainly applied for the final year. As a result, a compliance cycle may 

demonstrate more noncompliance in the first year to reflect more relaxed enforcement efforts (Fig.2). As 

the first years of the 11
th
 and 12

th
 Five-Year Plans respectively, 2006 and 2011 registered 17.3% and 

19.6% increases of SO2 VCD enhancements to confirm the existence of such compliance cycles. However, 

although 2016 was the first year of the 13
th
 Five-Year Plan, it showed a steady reduction of SO2 VCD 

enhancements. This may indicate that the 13
th
 Five-Year Plan has better alleviated such compliance cycle, 

but 2021 as the first year of the 14
th
 Five-Year Plan should be carefully watched to confirm that 

compliance has been successfully established as a routine outcome. 

3.3 Selective implementation 

 
Fig. 3. Pixel average SO2 VCD over coal-fired power plants, local background and enhancement, as well as for entire China, and 

the curve for SBR. 

By normalizing the NO2 and SO2 by setting 100 as the emission level before installing SCRs and 

FGDs, it is found that from 2010 to the middle of 2012, the signal of NO2 suddenly went upwards and 
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exceeded 100 for many coal-fired power plants while SO2 signal for most coal-fired power plants was less 

than 100. This two and a half year can be regarded as a typical period of selective implementation of SO2, 

after which both signals were maintained to basically lower than 100 for several years, although a small 

gap between SO2 and NO2 control can still be observed in 2015 to the middle of 2017. By comparison, the 

proportion of coal-fired power plants with selective implementation decreased from around 68% in 2010-

June 2012 to around 35% in 2018-2020, which indicates a reduction of selective implementation. 

4. SUMMARY  

The attainment of good environmental control of air pollutants is not s straightforward process, not 

only for multiple species together but also for single species each. Polluters may have the incentives to 

choose a ñright timeò to execute environmental policies and choose to only execute the policies under 

strict supervision while choosing to ñsafely ignoreò the others to maximum their outcome, both 

economically and environmentally. Good environmental control cannot be maintained without strict and 

continuous supervision. Satellite data could potentially be a useful and cheap way to assist current 

compliance monitoring systems by screening possible non-compliance behaviors.  
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1.  INTRODUCTION  

In the last decade, artificial night light (ANL) has rapidly increased both in intensity and density, 

accompanied by the rapid development of urbanization [1], [2]. The multiple sources of ANL include 

street lighting, lighting from buildings and advertising, vehicles, etc. [3], [4]. ANL has some clear benefits 

for humans, including illumination, recreation in festivals, extension of human activities into the night, 

and promotion of production activities [5], [6]. However, several concerns have been raised about its 

negative influence, especially for ANL in open areas. Selecting the U.S. as an example, approximately 120 

terawatt-hours of energy is consumed by outdoor lighting in an average year, mostly to illuminate streets 

and parking lots, and at least 30% of outdoor lighting is wasted, which releases 21 million tons of carbon 

dioxide per year [7]. Hence, there is an urgent need to study how to satisfy human activity demands and 

establish effective lighting regulations simultaneously to alleviate the disruptive effects of ANL [8], as 

well as to achieve the sustainable urban goal. 

Most studies have confirmed that the satellites-recorded ANL has a great potential in modelling 

demographic and socioeconomic variables. However, few studies have evaluated the ANL status from the 

human perspective, and most employed ANL data in previous studies are too coarse to meet the 

requirements of light regulation in urban areas. Specifically, the Defense Meteorological Satellite 

Program/-Operational Linescan System (DMSP/OLS) and Visible Infrared Imaging Radiation Suite 

(VIIRS) have provided the longest publicly available time series of ANL data [9]ï[11]. But the coarse 

spatial resolution of DMSP/OLS (2.7 km) and VIIRS (740 m) data limits their capacity to accurately 

depict the spatial pattern of the ANL supply within the urban environment [12], [13]. However, the 

recently launched Luojia1-01 satellite provides a new generation of ANL imagery with a higher spatial 

resolution (130 m) [14]ï[16], which allows detailed analysis of various illumination mechanisms among 

different functional zones at the block scale [16], [17].  

This paper aims to map the supply and demand of ANL from the human perspective, and thus 

provides a new tool for planners and researchers to deeply understand the relationship between the ANL 

and PD for further making optimal decisions in urban management. To achieve this objective, this study 

has to (1) assess the overall spatial pattern between the ANL and PD; (2) delineate mismatch and match 

regions at the block scale; (3) validate the mapping results by field investigation; and (4) analyze the 

underlying mechanism of the delineation results to formulate light regulation recommendations.  

2. MATERIALS AND METHOD S 

2.1 Study area and data 

Hangzhou, the capital city of Zhejiang Province, was selected to implement the proposed method. To 

achieve the mapping of supply and demand status, four kinds of data were used in this study: (1) ANL 

imagery. Loujia1-01 is a new generation of nighttime light remote sensing satellites, with a higher spatial 

mailto:baohaijun@zucc.edu.cn
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resolution of 130 m and radiometric quantization of 14 bits, which makes it possible to show more 

detailed information inside the city; (2) Population density. PD data were obtained from Tencentôs big 

data platform named Easygo through crawling techniques, with a spatial resolution of nearly 25 m. (3) 

Road network. This data were employed to generate the blocks that were the basic analysis elements in the 

study. (4) Land use type (LUT). The land use survey map contains eight major LUTs, i.e., non-

development, public services, commercial, residential, industrial, transportation, green space, and 

municipal utilities areas  

2.2 The flowchart of the methodology  

The step-by-step procedures in Fig. 1 were implemented to study the supply and demand status of 

ANL from the human perspective. First, raw ANL and PD datasets were generated as layer stacking raster 

data after calibration and resampling, respectively. Second, the block was adopted to integrate all the geo-

information. Blocks generation was achieved by the morphologic operations of dilation and thinning of 

the road networks. Third, the study applied bivariate clustering to assess the overall spatial aggregation 

between the ANL and PD, and divided all blocks into four clusters. Then, the specific delineation of 

mismatch regions was achieved by the template matching technique based on the clustering results. In this 

way, a map of the supply and demand was obtained, which was further validated by field investigation. 

 

Fig. 1. The flowchart of the methodology 

2.3 Delineation of the mismatch regions 

The spatial intensities of ANL and PD could differ among certain blocks. Hence, a classical template 

matching technique, i.e., normalized cross-correlation (NCC), was introduced to match the corresponding 

templates of ANL and PD based on their similarity based on the following equation [18]: 
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where m is the window size of the template (Fig. 5); ,x yA
 is the template average of ANL; ,x yP

 is 

the template average of PD; and R(x, y) ( [ 1,1])RÍ -  records the NCC value at the central pixel (x, y) of the 

template.  

The mismatch regions were delineated based on the results of template matching and spatial 

clustering. Specifically, two types of mismatch regions, i.e., regions with high supply but low demand 
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(HSLD) ANL status and the low supply but high demand of (LSHD) ANL status, and two types of match 

regions, i.e., regions with the high supply and high demand (HSHD) ANL status and the low supply and 

low demand (LSLD) ANL status, were defined in this study.  

2.4 Field investigation 

Shown as Fig. 2, twenty typical blocks were selected to validate the results of the delineated 

mismatch regions (HSLD or LSHD). The lighting intensity was measured with a digital illuminance meter 

(DIM), as shown in Fig. 2b. In each selected block, at least three points were chosen to measure the 

illumination, including the highest intensity, median intensity, and lowest intensity. The average was 

utilized as a representative value of the corresponding block. Additionally, the number of people and cars 

within ten minutes was counted as an index to indicate the human activities within a certain block. Finally, 

all the data recorded in the field were compared to the ANL and PD data to assess the linear correlations.  

 

Fig. 2. (a) The locations of the various field investigation sites. (b) The DIM applied in the study; (c) 

spectral sensitivity characteristic of the DIM, available in the instrument specification. 

3. RESULTS 

3.1 Delineation results of the mismatch regions 

The final delineations of the mismatch and match regions are shown in Fig. 3a. The total area of the 

mismatch regions (HSLD and LSHD) was more than 100,000 hectares, among which the HSLD status 

was the leading component with more than 65,000 hectares. The percentages of the four statuses among 

the eight LUTs were analyzed by stacked bar diagrams, as shown in Fig. 3b. Considered together, several 

points are generated: (1) the HSLD status was mainly distributed in the city center, whereas non-

development and industrial land areas occupied a considerable absolute area in the HSLD regions; (2) the 

proportion of the HSLD was notable in the public services (44%), commercial (40%), industrial (39%), 

transportation (56%), and green space areas (53%), which calls for increased attention because the ANL 

there could far exceed the demand; (3) the LSLD regions covered the largest absolute area due to the very 

large cardinality of non-development land; and (4) over time, the total HSLD area was greatly increased 

(946 hectares), which indicated that the negative effects of ANL would be more notable. 

 

3.2 Field investigation 

The linear relationship between the measured light intensity and satellite-recorded ANL is compared, 

of which the R
2
 coefficient value is 0.75, suggesting that the goodness of linear fit is relatively high. For 

the linear relationship between the PD and the measured number of people and cars, the R2 value is 0.62, 

which still indicates a high positive correlation. 
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Fig. 3. (a) Delineation of the four supply and demand statuses at 18:00 and 22:00. (b) The stacked bar 

diagrams indicate the percentages of the four different statuses (HSLD, LSHD, HSHD and LSLD) in eight 

LUTs (Type1: non-development; Type 2: public services; Type 3: commercial; Type 4: residential; Type 5: 

industrial; Type 6: transportation; Type 7: green space; Type 8: municipal utilities.).  

4. SUMMARY  

This study proposed a novel perspective to map the supply and demand of ANL in open areas via the 

latest released ANL imagery of Loujia1-01 and fine-scale PD data, which bridged the research gap in this 

area and provided a new tool for light regulation. All the methods employed have clear logic and 

mathematical foundations to guarantee rational and credible research. Moreover, the nighttime imagery of 

Loujia1-01 has been confirmed to be more advanced than its predecessors in terms of a fine resolution and 

high radiometric quantization, and all these improvements enable the estimation of the supply and demand 

of the ANL at the block scale. In contrast with the PD from traditional censuses, social media derived PD 

data can represent dynamic human activities on a fine scale and thus play an increasingly important role in 

urban management. This research chose Hangzhou as a typical area to demonstrate the mapping method, 

but it can also be implemented in other cities since the applied data are available in most cities in China. 
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1.INTRODUCTION  

Values (why to conserve) and Attributes (what to conserve) are essential concepts of cultural heritage 

to detail its cultural significance, especially in the context of UNESCO World Heritage Convention
[1-3]

. 

However, the heritage values and attributes are not only to define the significance of Outstanding 

Universal Value (OUV) in the particular context of World Heritage List (WHL), but all kinds of 

significance, ranging from listed to unlisted, natural to cultural, tangible to intangible, and from global to 

national, regional and local
[4-7]

. Moreover, the 2011 UNESCO Recommendation on the Historic Urban 

Landscape (HUL) stressed that heritage should also be recognized through the lens of civic society, calling 

for tools of civic engagement and knowledge documentation
[8]

. In the past decade, User-Generated 

Content (UGC) from social media platforms have been actively used to collect the public opinions and to 

map heritage values and attributes conveyed by various stakeholders
[9-12]

. However, it is rare to connect 

heterogeneous modalities of images, texts, geo-locations, timestamps, and social network structures to 

mine the semantic and structural characteristics therein
[13-15]

. This study presents a methodological 

workflow for constructing multi-modal datasets using posts and images on Flickr for graph-based semi-

supervised machine learning (ML) tasks concerning heritage values and attributes. By combining the 

abundant information in various modalities with its socio-economic and spatiotemporal context
[16-18]

, one 

can better reveal and understand the pattern of collective perception of the online community formed with 

concerned citizens
[15]

. The workflow could be further applied in global cases, which has both scientific 

relevance for ML research
[19-21]

, and societal interests for Urban and Heritage Studies. Such understanding 

is strongly aligned with the Sustainable Development Goal (SDG) 11, with its ultimate objective of 

making the urban heritage management processes more inclusive
[15]

. 

2.MATERIALS AND METHODS 

2.1 Selection of Case Studies 

Without loss of generality, this research selected three cities in Europe and China that are related to 

UNESCO WHL and HUL as case studies: Amsterdam (AMS), the Netherlands; Suzhou (SUZ), China; 

and Venice (VEN), Italy. All three cities either are themselves entirely or partially inscribed in the WHL, 

or contain WHL in multiple spots of the city, showcasing different spatial typologies of cultural heritage 

in relation to its urban context
[22-23]

, all of which strongly demonstrate the relationship between urban 

fabric and water systems. 

2.2 Data Collection and Processing Workflow 

FlickrAPI python library was used to access the Application Programming Interface (API) methods 

provided by Flickr, which has been a popular social media platform for constructing open-source datasets 

in the field of deep learning
 [24]

. A maximum of 5000 geo-tagged images covering the major urban areas of 
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the case study cities were queried, to make the datasets from the three cities comparable and compatible. 

To test the scalability of the workflow, another larger dataset not limiting the amount of images was also 

collected in Venice (VEN-XL). Only images marked as ódownloadableô by the Flickr users were collected, 

respecting their privacy and copyrights. For each downloadable image, the following information was 

collected: ownerôs ID; provided title, description, and tags (textual fields); geo-tag of the image; 

timestamp marking when the image was taken; and the  px small-size image. The textual fields 

of posts are cleaned to only contain valid information, translated into English, and merged together. With 

pre-trained state-of-the-art deep learning models
[25-26]

, the raw images and texts were embedded as vectors 

of float numbers, producing visual features , and textual features 

, respectively, where  denotes the sample size of a city. Furthermore, under the idea 

of transfer learning
[27]

, the images and texts were also fed into thoroughly-trained classifiers on heritage 

attributes (in terms of the depicted urban scenes
[10,28]

) and heritage values (in terms of the OUV selection 

criteria
 [26]

) to generate the pseudo-labels  and  for each post, where 

each row of the label matrices would add up to 1, being effectively a soft label as probability distribution 

for each post. The data processing workflow for an exemplary post could be seen in Fig.1. Moreover, the 

temporal, spatial, and social relationship among the posts are modelled as a multi-graph 

, where  is the node set of all posts, and 

 are the link sets of each relationship type among the posts. Therefore, the 

graph-based multi-modal semi-supervised learning problem based on the constructed datasets could be 

formulated as: 

                    (1) 

 
Fig. 1. The workflow of multi-modal feature generation process of one sample post in Venice, while graph construction requires 

all data points of the dataset. The question marks in the right part indicate some provisional tasks for this dataset. 

3.RESULTS 

3.1 Graph Structure of the Social Media Posts 
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Fig. 2. The geographical networks for three case studies, respectively showing the graph structure, degree ranking distribution, 

and the ranking distribution of posts per geo-spatial node (on a logarithm scale) in Amsterdam, Suzhou, Venice, and Venice-XL. 

The sizes of nodes denote the number of nearby posts allocated to the nodes, and the colours of nodes illustrate the degree of the 

node on the graph. Each link connects two nodes reachable to each other within 20 minutes. 

Fig.2 visualizes the spatial structure of the posts in all case studies. The urban fabric is more visible 

in Venice than the other two cities. This is possibly related to the distribution of tourism destinations, 

which is also consistent with the zoning typology of WHL property concerning urban morphology
[22-23]

. 

Furthermore, the two types of rank-size plots showing respectively the degree distribution and the posts-

per-node distribution showed similar patterns, the latter being more heavy-tailed, a typical characteristic of 

large-scale complex networks. Furthermore, the multi-graph structure statistics listed in Table 1 

demonstrate that the three case studies are compatible with each other, even though each of them may 

have heterogeneous characteristics.  
 

Table 5. The statistics for the generated multi-graphs in the three case studies 

Graph Features AMS SUZ VEN VEN-XL 

#Nodes 3727 3137 2951 80,963 

#Nodes with valid Textual Features 2904 754 1761 49,823 

#Nodes with Heritage Values and Attributes Labels 639 118 361 11,569 

Label Rate .171 .038 .122 .143 

#Temporal Links 692,839 293,328 249,120 35,527,354 

#Spatial Links 135,079 415,049 221,414 101,046,098 

#Social Links 877,584 602,821 242,576 38,527,354 

#All Links 1,271,171 916,496 534,513 145,005,270 

Graph Density with all Links .183 .186 .123 .044 

3.2 Semi-supervised Learning Dataset 

During the pseudo-label generation, only data samples with high prediction agreement and 

confidence are considered as ólabelledô. Note the label rates of the datasets shown in Table 1 are also 

comparable with common datasets used in graph-based semi-supervised learning tasks
[19-21]

. Fig.3 

demonstrates the distribution of ólabelledô data about heritage attributes in each city. It is remarkable that 

although the models were only pre-trained and never fine-tuned on the three case study cities, they 

performed reasonably well in previously unseen data samples in Amsterdam, Suzhou, and Venice, 

capturing typical scenes of monumental buildings, architectural elements, and gastronomy, etc. According 

to the bar plots, the distributions of Venice and Venice-large are similar to each other, suggesting a good 

representativeness of the sampled small dataset. Similar patterns could be observed with the case of 

heritage values predicted from the textual description of posts. 
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Fig. 3. Typical image examples in each city labelled as each heritage attribute category (depicted scene) and bar plots of their 

proportions in the datasets (length of bright blue background bars represent 50%).  

4.SUMMARY 

This study introduced a novel workflow to construct graph-based multi-modal datasets Heri-Graph 

concerning heritage values and attributes using data from social media platform Flickr. State-of-the-art 

machine learning models have been applied to generate multi-modal features and pseudo-labels. Three 

case study cities Amsterdam, Suzhou, and Venice containing UNESCO World Heritage properties are 

tested with the workflow. Such datasets have the potentials to be applied by both machine learning and 

urban data scientists to answer questions with scientific and social relevance in response to the Sustainable 

Development Goals, which could also be applied around the globe for inclusive heritage planning and 

management processes. The dataset collected in this study could be accessed at 

https://github.com/zzbn12345/Heri_Graphs. 
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1. INTRODUCTION  

World Cultural Heritage Sites (WCHS) are commonly acknowledged to be of great significance and 

outstanding universal value (OUV), the effective risk management and assessment of WCHS are therefore 

extremely important. In recent years, the uprising conflict between urban development and heritage 

conservation has drawn attention 
[1]

. SDG 11.4 aims to strengthen efforts to protect and safeguard the 

worldôs cultural and natural heritage 
[2]

. Only one indicator (SDG 11.4.1) based on the expenditure per 

capita is to support SDG 11.4, which is an oversimplification and not effective to achieve this goal 
[3]

. 

Other complementary indicators should be developed to quantify the preservation status of WCHS 
[4]

. 

Even so, the first data collection on SDG 11.4.1 in 2020 has shown that the availability of data is still 

limited 
[5]

. SDG 11.4 has put forward the urgent demand of acquiring global data to support heritage 

conservation, the space observation provides an effective measure to achieve this target. 

This study proposed an indicator named interference degree and an SDG measurement to quantify 

land cover changes in WCHS. This indicator reflects the degree of interference of human activity and 

natural factors at the protected area within a time period. A global dataset of interference degree was 

produced based on remotely sensed images at a sub-meter resolution from 2015 to 2020, thus providing 

elaborate monitoring data and a complementary indicator to achieve SDG 11.4.  

2.MATERIALS AND METH ODS 

2.1 Datasets 

The core zone and the buffer zone consist of the main protected area of a heritage site. The boundary 

data of the core zone and buffer zone for 628 WCHS were manually delineated according to documents 

published by UNESCO 
[6]

. A small part of the WCHS lacked boundary information. The area error of the 

boundary data is less than 15%. 

The high-resolution Google Earth images were used as base maps for monitoring land cover changes 

at WCHS. The acquisition time was in 2015 and 2020, some bias exists due to the unavailability of data at 

the desired time. For our study, over 90% of the images are with a sub-meter resolution, and the average 

resolution is around 0.5 m. In total, 586 pairs of images at WCHS were processed. 

The population and Gross Domestic Product (GDP) data in 2015 and 2020 provided by the 

Population Dynamics, Department of Economic and Social Affairs of the United Nations were also 

acquired. 

2.2 Method 
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Land cover changes at the WCHS were extracted from Google Earth images in 2015 and 2020 to 

derive the interference degree and SDG measurement. The flowchart is shown in Fig. 1, and the step-by-

step illustration is as follows. 

Bi-temporal 

images

Image segmentation

Change vector 

analysis

ResNet-50 

classification

SDG 
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Layer stacking

Otsu thresholding

Extract potentially 
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support
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indicator 
suppot

 
Fig. 1. Flowchart of the developed interference degree and SDG measurement for elaborate monitoring at WCHS.  

1. The bi-temporal images were co-registered and stacked, and multi-resolution image segmentation 

was performed on the stacked images, dividing the images into homogenous objects. By applying 

change vector analysis, the difference image was derived. The Otsu segmentation algorithm was 

used to conform a threshold that divided changed/unchanged objects, thus extracting potentially 

changed objects.  

2. A deep learning method was applied to classify the potentially changed objects into five land 

cover classes: water, barren land, built-up land, farmland, and vegetation. Built-up land and 

farmland are closely related to human activity, whereas water, barren land, and vegetation mainly 

contribute to the natural factors affecting sites. ResNet-50 
[7]

 was used for the classification. The 

training data were derived from Google Earth and some public scene datasets, and the total 

number of training data exceeded 60,000 after augmentation. The final results were derived by 

comparing classes per object for the bi-temporal images, where the object with the different class 

labels was categorized as the changed object. 

3. The interference degree was calculated by the percentage of the changed area at the core zone and 

buffer zone, respectively. We evaluated whether the changes are positive or negative for each 

WCHS at the buffer zone. Positive changes are beneficial to cultural sites such as utilization of 

new energy, improvements on the environments and construction of museum, and negative 

changes may cause damages to heritage sites such as urban development and forest degradation. 

The interference degree was standardized between 0 and 1, and an evaluation weight 1 (positive 

changes) or -1 (negative changes) was assigned to each WCHS to derive the SDG measurement. 

Therefore, the SDG measurement close to 1 means a suitability measurement for the cultural site, 

and otherwise the value is close to -1. 

4. The SDG measurement in the cultural heritage countries and global regions was calculated by 

taking the mean value of each WCHS. Then the SDG measurement and per capita GDP were 

compared and analyzed, revealing the impacts of the economic level on the sustainable 

development of WCHS. 

3.RESULTS 
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According to UNESCO and the heritage community 
[6]

, a core zone has strict protection status, where 

human intervention must be kept to a minimum. A buffer zone may set limits to protect views, settings, 

land uses, and other aspects but may also positively encourage developments that would be beneficial to 

the site and community 
[8]

. Therefore, a high interference degree in the core zone usually implies a high 

risk to the heritage site. A high value in the buffer zone indicates the heritage site needs to be further 

evaluated to assess whether these changes have strengthened or weakened the relationship between 

humans and heritage. Fig. 2 presents the interference degree of the cultural heritage countries.  

 
(a)                                                                                                       (b) 

Fig. 2. Interference degree of the cultural heritage countries at the core zone (a) and buffer zone (b).  

Results can be revealed as follows. ) In European countries, the interference degree at the core zone 

remains at a low (<0.1%) to median-low level (0.1%~0.5%), where some countries shown an uneven 

distribution. The value at the buffer zone is at a median-low level (0.5%~1.0%), where a few countries 

have a high value (>2.0%). ) In most Asian countries, the interference degree at the core zone ranges 

from a low to median level, where China has a median value. Difference has shown at the buffer zone, 

where some countries have a high value caused by the natural disaster and human intervene. China has a 

median-high value (1.0%~2.0%), mainly contributed by the environmental improvement. ) Most 

American countries have a low to median interference level at the core zone with only two exceptions. 

North American countries are at a low interference level at the buffer zone, and Central and South 

American countries appear a few high values. ) African countries are generally with a low interference 

level at the core zone, and with a median-low level at the buffer zone, only some West African countries 

show high values. 

Fig. 3 shows the SDG measurement and GDP per capita growth from 2015 to 2020 in each country 

and region of the world. The SDG measurements for most WCHS are near 0, indicating that most 

countries follow the principle to keep human intervention to a minimum. However, the number of 

countries with negative changes is more than that with positive changes, suggesting a conflict between 

economic development and heritage protection exits. For those countries with a negative SDG 

measurement, most of which have a sluggish or even negative GDP growth, revealing the importance of 

capital investment to the sustainable development of WCHS. According to the SDG measurement in 
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different regions, Central Asia is the only region that has a positive SDG measurement. In the developing 

countries represented by China, the interference at WCHS are most caused by positive changes such as 

emptying residential, building management facilities and museums to improve the condition of heritage 

sites. Most developed countries such as North America, Europe and Oceania do not show a significant 

interference, only Southeast Asia has a high negative SDG measurement. The interference in the less 

developed countries such as Central America and North Africa leads to negative SDG measurements, 

mainly caused by construction works of buildings and roads for the economic development, and thus are 

unsustainable for the heritage protection. 

 
(a)                                                                                                        (b) 

Fig. 3. The relationship between SDG measurement and GDP per capita growth at each cultural heritage country (a) and regions 

of the world (b).  

4.SUMMARY 

This study proposed an interference degree and an SDG measurement to monitor the elaborate land 

cover changes at WCHS. This indicator can directly reflect the amount of changes and trends of the 

heritage environment, thus providing data for SDG 11.4 from the cultural heritage site level to the country 

level. A state-of-the-art deep learning method for processing big earth data was developed and 

demonstrated an effective technological solution to periodically monitor the WCHS in the future. This 

study provided the first-hand global scientific data and a complementary indicator for the sustainable 

development of the WCHS. 
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1. INTRODUCTION  

Urbanization has triggered the rapid change of landscapes, altering land cover and land-use type for 

better or for worse. For example, Urban sprawl competes with areas that act as carbon sinks and spaces 

meant for agricultural purposes
[1]

. On the other hand, compact urbanization leads to the densification and 

consolidation of detached urban spaces turning them into concrete jungles
[2]

. The challenge of rapid 

urbanization leads to an uncontrolled expansion of cities, the shrinking of green spaces
[1]

 and subsequently 

threatens World Heritage properties(WH)
[3]

. These transformations may convert WH core zones into 

completely different landscapes without any resemblance to the rich human heritage embedded in them 

that defines and tells tales of our past. The results of this transformation may be seen in the observable 

changes in the spatial orientation of land cover, land-use types, loss of habitats, densification of core zones 

and eventually loss of World Heritage authenticity
[3]

. The loss of heritage can be observed through the 

delisting of properties by United Nations Educational, Scientific and Cultural Organization (UNESCO) as 

in the case of Dresden Elbe Valley which was delisted because of a four-lane bridge that was constructed 

in the core zone, or the Arabian Oryx Sanctuary (Oman) which had lost 90% of the protected area under 

Omani Law
[4]

. Specifically, Udeaja et al.
[5]

, notes that rapid urbanization and land-use change are 

threatening cultural heritage at an alarming rate. In addition to urbanization, Mariani & Guizzardi
[6]

, notes 

that UNESCO's designation as World Heritage seems to create a complicated relationship between 

tourism and preservation which is characterized by dependence and conflict. While tourism has multiple 

positive impacts on heritage such as generating funds for the management of the WH site, the negative 

impacts that come with extra development threaten the very values by which the properties were inscribed 

into the WH list
[7]

. 

The idea that heritage zoning guarantees the conservation of areas of Outstanding Universal 

Value(OUV) and is expected to disable urbanization within and around core zones has been theorized in 

several studies
[8ï10]

. Globally, UNESCO recognizes heritage properties of exceptional value to humanity 

and adds them to a list called the World Heritage list (WH list). Valese et al.
[9]

 defined WH List as a tool 

to foster heritage conservation worldwide by operationalizing the 1972 Convention Concerning the 

Protection of the World Cultural and Natura Heritage. As demand from various stakeholders increases for 

land, accommodation, water and tourism, urban landscapes are increasingly changing to meet this demand. 

In the process, the role of Heritage zoning in conserving heritage characteristics is ignored
[11]

. In times of 

rapid urbanization and dynamic urban environments
[12]

, How urban is heritage? is an important question to 

explore. Thus, this research investigated the impact of heritage zoning on urbanization. The investigation 

utilized a relatively larger sample than ever used before to quantify the amount of land cover and land use 

type change in WH properties. Additionally, we utilized global satellite imagery data for land-cover and 

land-use change detection. 
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2.MATERIALS AND METH ODS 

2.1 Case study 

Global cases of 158 cultural heritage sites were used as a sample. The properties are grouped into five 

(5) UNESCO regions as seen in Figure 1. 

2.2 Materials 

The material that was considered included vectors layers, point location of WH(x,y), raster data and 

PDF maps of WH.  Specifically, 158 Vector data of area extents of WH properties which also represented 

the case studies. The raster data included preprocessed satellite images with advanced digital technology 

from DLR. Additional, raster data of World Human Settlement (WHS) and Global Urban Footprints 

(GUF), were used to assess the urban footprint and where human beings live at a global scale relative to 

world heritage. The World Human Settlement layer was generated using an advanced classification system 

combining open, free optical and radar satellite imagery and is available at 10m resolution and at global 

scale. 

2.3 Methodology 

The methodology compromised three steps i.e., Data assessment, Inclusion and exclusion criteria and 

the land use and land cover change detection (LULC). Firstly, seven (7) digital platforms associated with 

geospatial WH data were queried and the database from the International Research Center on Space 

technologies of Natural and Cultural Heritage was relatively more reliable for the assessment. Multiple 

thematic layers were overlaid to assess how each performed against the other in QGIS. Secondly, the State 

of Conservation Information system by UNESCO was used to include and exclude properties with 

urbanization as a threat. LULC detection was used to quantify landcover and land-use type change. QGIS 

was used to integrate GIS, Remote sensing and WH List data while exploiting advanced image processing 

technology from German Aerospace Center. The nomination year of the WH property were used as 

reference years.  

3.RESULTS 

3.1 Data assessment 

The results from online platforms showed that there was relatively enough effort towards the 

generation of WH data which gives a general view of the WH properties. Further, the data quality was 

context-based and was used based on the purpose of the digital platform. To quantify WH areas and the 

changes impacting them, one must be conscious of the limitations of the current geospatial data in many 

WH geospatial platforms.  

3.2 Inclusion and exclusion criteria 

A total of 426 properties under threat were identified from SOC. This represented 37% of 1154 

UNESCOs WH properties. Additionally, the results of the data assessment of the properties suggested that 

a total of 376 properties have been mapped while 52 out of 426 properties have not yet been mapped. 

3.3 Harmonization of Data assessment and the inclusion and exclusion criteria 

The data harmonization between the inclusion and exclusion criteria and the available area extents of 

the WH properties process resulted in a smaller sample of One Hundred fifty-eight (158) properties being 

read for reuse at the time of this study. The properties were then divided into regions and cultural 

categories as seen in figure 1. 
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Fig. 1. The UNESCO regions and cultural sub-categories of case studies. 

4.SUMMARY 

As urban needs are being met, the threat to WH is incredibly concerning and the threat is expected to 

continue increasing. The challenge of geospatial data operability in heritage is still very prominent. There 

is a need for UNESCO and individual partners to find ways to improve the Operability and Reusability of 

Geospatial WH data. Collaboration between UNESCO and other institution such as HIST, DLR and 

academics are necessary to increase the availability of WH Digital Data. Additionally, a lack of a 

standardized map format that state parties can use mapping properties makes the data transformation more 

challenging.  

Concerning the management of world heritage, transfer of management practices from one region to 

another is needed in order to reduce the threat of urbanization. State parties must be able to be transparent 

and document the threats of urbanization on WH for effective management. The high number of WH 

properties under threat in developed regions does suggests that, as developing regions with high 

urbanization rates begin to equal the developed regions, the number of WH properties under threat will 

also continue to increase. Lastly, more attention on individual regional management practices must be 

given as there could be under or over documentation of urban threats on WH properties by state parties.  
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1. INTRODUCTION  

The UN general assembly adopted resolution on the 2030 Agenda for sustainable development in 

2015. The 17 sustainable development goals (SDGs) and 169 targets were put forward in the 2030 Agenda 
[1]

. All countries and all stakeholders, acting in collaborative partnership, will implement this plan. New 

technologies are required to ensure its implementation, and to review, at the national, regional and global 

levels, in relation to the progress made in implementing the Goals and targets over the coming years.  

Synthetic aperture radar (SAR), which transmits radar signals to the earth in regardless of light 

illumination and weather conditions, is a powerful earth observation technique, especially the 

interferometric SAR (InSAR) technique, which could measure the millimeter deformation of the earth 

surface. The earth surface dislocation is related to natural earth movement and human-induced earth 

surface height change. The topographic changes could threaten environmental, economic and social 

development of human society, hence impede the implementation of SDGs. With the help of satellite 

InSAR technology, the process of surface movement could be monitored, and its impact to infrastructures 

and human societies could be assessed.  

Sponsored by the ñthe Big Earth Data Science Projectò of the Strategic Science and Technology 

Pioneer Program of Chinese Academy of Science, the supercomputing InSAR processing system on the 

CASEarth platform was developed. The European Sentinel-1 SAR data was processed to monitor the land 

surface deformation from 2019-2020 in China. In this paper, the preliminary results are shown on the 

change and its impact of the surface deformation in China.   

2. DATASETS AND METHODS 

The European Sentinel-1 SAR data is used in this study. 10985 scenes of data are processing, 

covering 368 frames and 33 orbits. The time-series InSAR algorithm is used. The processing is performed 

on the CASEarth supercomputing platform 
[2]

. The technical details are described before 
[3]

.  

3.RESULTS 

The annual mean deformation veolocity in 2021 is derived from Sentinel-1 SAR data using time-

series InSAR algorithm as shown in Fig. 1.  The area with velocity larger than 30mm/year is considered as 

severe deformation region. In 2020, the severe region is 6261 km
2
. In 2021, the severe deformation region 

is 6168 km
2
, reducing 1.49%. Overall speaking, the deformation situation of the whole country eases a 

little bit. However, some regions become worse, such as in the lower Yangtze River regions. The North 

China Plain remains the main subsidence region in China, which occupies 68.47% of the total severe 

subsidence region in China.    
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Combined the subsidence data with the WorldPop data, it is shown that the exposed population of 

severe subsidence regions with 3 km buffer zones are 84.3263 million. The exposed population in North 

China Plain is 32.0708 million, about 38.03% of total exposed population in China. 

 
Fig. 1. The 2021 annual mean deformation velocity of China measured by satellite InSAR technolog (velocity direction: light of 

sight).  

 
Fig. 2. The Spatial and temporal change of severe deformation regions in China between 2020 and 2021.  

4.SUMMARY 

The China surface deformation is measured using time-series InSAR technique and European 

Sentinel-1 SAR data on the CAS Earth supercomputing platform. The subsidence change in China 

between 2020 and 2021 is shown. The exposure population is estimated using WorldPop data.  

The annual surface deformation in China will be monitored continuously in the future, providing 

technical support for assessment and implementation of UN SDGs, the Global Development Proposal and 

China sustainable development agenda.    
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1. INTRODUCTION  

Air pollution has a significantly negative effect on human health. It has been estimated that in 2015 

more than 4.2 million premature deaths worldwide were attributed to air pollution 
[1]

, especially due to 

exposure to fine particulate matter with a diameter less than 2.5 microns (PM2.5). The level of population 

exposure to PM2.5 has also been selected by the United Nations as an indicator in Sustainable 

Development Goals (SDGs), i.e., SDG 11.6.2: ''Annual mean levels of fine particulate matter (e.g., PM 2.5 

and PM 10) in cities (population weighted)'', in order to achieve the Goal 11: ''Make cities and human 

settlements inclusive, safe, resilient and sustainable'' 
[2]

. It is therefore desirable for various countries to 

perform a long-term monitoring of this indicator at not only national but also city levels.  

Extensive studies have paid attention to the analysis of PM2.5 concentration for a long time span 

(e.g., over decades) 
[3-5]

. For instance, Zhao et al. (2019) analyzed the temporal-spatial variation of PM2.5 

concentration in China during the period 1999-2016 
[3]

. However, these studies did not take the 

distribution of population into consideration. Some studies have assessed the level of population exposure 

to PM 2.5 
[6-9]

. But, most of these assessments were carried out at a national or regional level rather than at 

a city level; on the other hand, most of them only involved a short time span (e.g., a calendar year) for 

analysis. To be best of our knowledge, few studies have employed the SDG indicator 11.6.2 to perform a 

city-level analysis and also for a long time span.  

To fill this research gap, this study aims to investigate the long-term (2000-2020) variation of 

population exposure to PM 2.5 in Eastern China (including 318 prefecture-level cities). We selected China 

as the study area because the number of PM2.5-realted premature deaths in this country was estimated to 

1.1 million in 2015, which accounted for 26% of the number (4.2 million) in the world 
[1]

. Therefore, a 

long-term monitoring of population exposure to PM2.5 in China has received much attention worldwide 
[3,5,8,10]

. More important, a high-resolution and long-term PM2.5 data product has recently been published 

for conducting this study.  

2. Materials and methods 

2.1 Study area and Data  

The study area includes 318 prefecture-level cities in Eastern China. Specifically, this study area has 

a population of 1.36 billion, which accounts for 94.8% of the total population in China. Moreover, both 

high-resolution and long-term PM2.5 and population data are freely acquirable for this study area.  

Three categories of data sources were involved for the analysis. 

1) PM2.5 data: A high-resolution and long-term yearly PM2.5 data product was recently made for 

public use 
[5]

. The data product covers the region of Eastern China. Also, it has a spatial resolution of 1km, 

and it includes a long time series of datasets during 2000-2020.  

2) Population data: The global 100m-resolution population data product (Worldpop) was acquired 
[11,12]

. The data product also includes a long time series of datasets during 2000-2020. Moreover, it has 

been used for the evaluation of SDG 9.1 
[13]

 and SDG 11.7 
[14,15]

. Thus it is possible to investigate the 

variation of population exposure to PM2.5 not only for decades (21 years) but also in the recent years. 

3) City boundary data: The administrative boundary data of the 318 prefecture-level cities were 

freely acquired from the National Catalogue Service For Geographic Information. 

 

2.2 Methods 
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The SDG indicator 11.6.2 denotes the population-weighted annual mean PM2.5 concentration 

(PWAM ). This indicator can be calculated as follows: 

                                                    ̂1̃ 

where, ci denotes the PM2.5 concentration in the 1km grid cell i. pi  denotes the total population in the 

same grid cell i, i.e., it equals to the total population in 100m-resolution population grids whose centroids 

are located inside the grid cell i. k denotes the number of 1km grid cells in a geographical region. The 

PWAM can be calculated at a regional level (e.g., the whole study area) and also at a city level (e.g., each 

prefecture-level city).  

The specific experiment steps include: First, the PWAM was calculated for the whole study area 

during 2000-2020. Second, the PWAM for each of the 318 prefecture-level cities was also calculated and 

mapped for these years. Third, all the prefecture-level cities were divided into five different intervals (i.e., 

0-35; 35-50; 50-75; 75-100; ̘100 ɛg/m3
), and the population percentages of various intervals were 

plotted for the whole study area during 2000-2020. 

3. Results 

Figure 1 plots the variation (2000-2020) of the PWAM for the whole study area. This figure shows 

that: the variation has approximately passed through three phases: In the first phase (2000-2003), the 

PWAM increases from around 60 ɛg/m
3
 (in 2000) to 70 ɛg/m

3
 (in 2003). In the second phase (2004-2013), 

the PWAM fluctuated slightly around 70 ɛg/m
3
, and it reaches to the maximum (72 ɛg/m

3
) in 2011. In the 

third phase (2014-2020): the PWAM decreases year by year, and it decreases to 34 ɛg/m
3
 in 2020. It 

should be noted that the PWAM is for the first time lower than the interim target-1 (35 ɛg/m
3
) defined by 

the WHO (World Health Organization ) 
[16]

.  

 
Fig. 1. The variation (2000-2020) of the PWAM for the whole study area. 

Figure 2 shows the temporal-spatial variations (2001-2020) of the 318 prefecture-level cities. This 

figure shows that: In 2001, the PWAM is higher than 75 ɛg/m
3
 for 45 out of the 318 prefecture-level cities. 

This number of such cities increases to the maximum (100) in 2011. But in 2020, there is no prefecture-

level city whose PWAM is higher than 75 ɛg/m
3
. On the contrary, in 2020, the PWAM is lower than the 

interim target-1 for 214 of the 318 prefecture-level cities. The above results indicates a considerable 

decrease of the PWAM in most of the prefecture-level cities.  
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Fig. 2. Temporal-spatial variation (2001-2020) of the PWAM for the 318 prefecture-level cities. 

Figure 3 plots the population percentages of various PM2.5 concentration intervals for the whole 

study area during 2000-2020. In 2000, 65% of the total population are located in the prefecture-level cities 

whose PWAM is higher than 50 ɛg/m
3
. Such a percentage has reached to the maximum (88%) in 2011. 
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However, in 2020, this percentage has been decreased to 3%. On the contrary, less than 3% of the total 

population are located in the prefecture-level cities whose PWAM is lower than 35 ɛg/m
3
. But in 2020, this 

percentage has been increased to 67%. This indicates a considerable improvement of population exposure 

to PM2.5 in Eastern China. 

 
Fig. 3. The variations (2000-2020) of population percentages of various PM2.5 concentration intervals for the whole study area. 

 

4. Summary 

This study conducted a case study of using the SDG indicator 11.6.2 to perform a long-term (2000-

2020) analysis of population exposure to PM2.5 in Eastern China. Specifically, the population-weighted 

annual mean PM2.5 concentration (PWAM ) was employed for the analysis. Not only the whole study area, 

but also each of its 318 prefecture-level cities were analyzed. We found that: 1) a considerable decrease of 

the  has been observed during 2014-2020. 2) In 2020, the PWAM is lower than 35 ɛg/m
3
, not only for the 

whole study area but also for 214 of its prefecture-level cities, which accounts for 67% of its total 

population. The results indicates a considerable improvement of air quality in Eastern China. More 

important, this study verifies the feasibility of using open geospatial data to monitor the SDG indicator 

11.6.2, which may be applied to other countries and regions.  
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1.  INTRODUCTION  

Based on the breakthrough of automatic matching technology of low-light and thermal infrared 

images, this study aims to explore the classification detection ability and information extraction ability of 

population density, fishery, shipping and oil and gas exploitation through the low-light + thermal infrared 

observation mode. The correlation between the busyness of Marine activities in the Guangdong-Hong 

Kong-Macao Greater Bay Area and economic indicators and carbon emissions is analyzed. 

SDGSAT-1 is equipped with thermal infrared, low-light and multi-spectral loads, and has a low-light 

data resolution of 10m, which makes it possible to detect nighttime maritime targets based on light data. It 

provides an average of 12 views of thermal infrared data and 9 views of low-light data per month. 

2. DATA AND METHODS  

2.1 Data 

SDGSAT-1 remote sensing image of the Guangdong-Hong Kong-Macao Greater Bay Area was taken 

from February to June in 2022. The data source was the International Research Center for Big Data for 

Sustainable Development. The obtained data had been pre-processed with radiometric correction, 

atmospheric correction and geometric correction. At present, thermal infrared and low-light level data 

have been obtained, including 61 thermal infrared data and 45 low-light level data. 

2.2 Data processing method 

Through the analysis of the downloaded data, it is found that there are problems such as local 

registration precision jitter of data from different sources in the same region and obvious noise of low-

light image, as shown in Figure 1 and Figure 2. 
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Fig. 1. May and June low-light and infrared data overlay rendering (partial on the left, overall on the right) 

Fig. 2. Noise of low - light image  

In order to further improve the data quality, the preliminary project team carried out preliminary 

experiments on the pre-processing of downloaded data, mainly including the high-precision matching of 

low-light and thermal infrared data and the improvement of low-light image quality. 

The methods to improve the quality of low-light image mainly include removing noise and improving 

image contrast. In this study, the median filtering method is mainly used to denoise. A sliding window 

with odd points is used to replace the gray value of the specified point with the median gray value of each 

point in the window. Gray stretching and gray equalization are the main methods to improve image 

contrast. Gray stretching method is to transform the gray concentration part of the image through linear 

transformation, so that the gray contrast of the transformed image is higher than the original image, so that 

the image becomes clearer. Gray equalization is a nonlinear stretching of the image, redistributing the 

pixel value of the image so that the number of pixels in a certain range is roughly the same, so that the 

image brightness can be better distributed on the histogram. 

Fig. 3. Frame diagram of matching algorithm based on triplet twin network 
The automatic registration of thermal infrared and low light level mainly adopts deep learning 

method. Firstly, the multi-modal image block pair sample library is constructed by combining the artificial 

method with the sample expansion method based on generative adversarial network. Secondly, sample 

expansion is made to the preliminary sample data. Traditional methods include image rotation, image 

flipping, changing contrast, brightness, saturation or hue, adding color disturbance, etc. The sample 

augmentation method based on generative adversarial network can make the model automatically generate 

a large number of unknown samples. Finally, an image block based on triplet twin network is constructed 

to match the similarity judgment network, and Fourier transform is used to accelerate the reasoning speed 

of the image block matching network. The algorithm flow diagram is shown in Figure 3. 
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The triplet twin network selects a pair of samples from the sample base, which are called the anchor 

point and the positive example respectively, and then randomly selects other heteromorphic image blocks 

unpaired with the anchor points from the sample base as negative examples. Feature extractor uses deep 

convolutional network to extract texture features of image blocks. After the three input image blocks are 

entered into the same feature extractor, the corresponding 3D feature tensor is obtained respectively as the 

eigenvalue of similarity calculation. The similarity between features is calculated using error square and 

SSD: 

 

Where, C, H and W are the number of channels, height and width of the feature tensor, and X and Y 

represent two feature tensors. The SSD of anchor point and positive example is SSD+, and the SSD of 

anchor point and negative example is SSD-. After Softmax normalization, d+ and d - are obtained 

respectively, as shown in Eq. (2). 

 

On this basis, the loss function is calculated as Eq. (3). 

 

Makes the network to determine different modal image block of similarity, and as a multimodal 

image registration of the same name point search tools, complete the image registration. In addition, 

Fourier transform is used to accelerate the inference speed based on image block matching network. 

The noise of low-light imaging mainly comes from the imaging characteristics of devices. For low-

light image with large pixel size, we try to use the de-noising algorithm based on BM3D frame to deal 

with it. The algorithm framework is shown in Figure 4. 

Fig. 4. Block diagram of BM3D algorithm 
The process operation of BM3D framework is complex, especially with the increase of image pixel 

size, the computational complexity of sliding matching window will increase rapidly. In order to adapt to 

the application of low-light image denoising with large pixel size, the optimization algorithm will be 

studied under the premise of ensuring the denoising quality. 

3. RESULTS 

The preliminary experimental results show that the local geometric registration accuracy can be 

improved to pixel level, and the low light level image denoising can significantly eliminate the image 

noise, while preserving the object boundary. 

4. SUMMARY 
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The observation mode of low light level + thermal infrared can significantly improve the ability of 

target identification and detection at night, which is of great significance to the detection of night activities. 

The activity intensity of sea targets can be calculated by identifying and classifying sea targets at night. 

Based on these calculation results, regression analysis can be carried out with the data of Marine 

production and other data, and correlation relationship can be further established with the economic 

indicators such as gross Marine product and trade volume with countries along the Maritime Silk Road. 

Finally, the GDP, population density and carbon emission of the study region can be estimated. 
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1.  INTRODUCTION  

The global indicator framework for measuring the progress of SDGs included 231 unique indicators 
1
. 

With objectives such as universal access, improved resilience, and greater efficiency, transport is an 

important factor in sustainable development 
2,3

. Transport promotes regional economic development and 

improves social welfare by ensuring convenient travel and efficient transportation of goods. Research has 

revealed that transport infrastructure has a great impact on land, urban development, and human life 
4,5

 and 

is an important factor in ensuring regional economic growth 
6,7

. However, transport also has adverse 

effects. For example, it leads to high levels of carbon emissions 
8
, direct harm to human health from 

polluting gases emitted by motor vehicles 
9,10

, and habitat fragmentation and loss of biodiversity resulting 

from road construction 
11

. Additionally, traffic accidents are the main cause of death in developing 

countries 
12

. 

In China, such information is urgently needed as the promulgation of the Outline for Building 

Chinaôs Strength in Transport policy, which aims to build a safe, convenient, efficient, green, and 

economically modern comprehensive transport system, is put in place. These goals coincide with SDGs. A 

spatiotemporal analysis of SDGs is useful for the transport sector, allowing the recognition of its current 

developmental advantages and limitations and judging the focus of sustainable development in the future 
13-15

. The localized transport evaluation system constructed according to the SDG framework provides 

information for other regions to assess the sustainable development of the transport sector 
13,16

. 

2. MATERIALS AND METHOD S 

2.1 Transport indicators for SDG targets and data sources 

We selected the following quantifiable SDG indicators directly related to transport: SDG 3.6 (halve 

the number of global deaths and injuries from road traffic accidents), SDG 7.2 (substantially increase the 

share of renewable energy in the global energy mix), SDG 8.2 (achieve higher levels of economic 

productivity), SDG 9.1 (develop quality, reliable, sustainable, and resilient infrastructure), SDG 11.2 

(provide safe, affordable, accessible, and sustainable transport systems for all), SDG 11.6 (reduce the 

adverse per capita environmental impact of cities), SDG 12.2 (achieve sustainable management and 

efficient use of natural resources), SDG 13.2 (integrate climate change measures into national policies, 

strategies, and planning), and SDG 15.1 (ensure the conservation, restoration, and sustainable use of 

terrestrial and inland freshwater ecosystems).  

2.2 Selection of upper and lower bounds 

2.3 Normalization 

The reference Equation (1) used is as follows:  
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where x is the raw data value; max and min denote the bounds for the best and worst performance, 

respectively; and x' is the normalized value after rescaling. 

The larger the value of the indicator, the closer it is to the target, and Equation (2) is used as follows: 

 

For the indicator with the smaller value, the closer it is to the target, Equation (3) is used as follows: 

 

where  represents the corresponding indicator value in the original data,  represents the upper 

bounds;  and  represent the percentile values corresponding to the sorting of all data across 

provinces and years from small to large. If the percentile value is between two values, the value with 

better performance would be taken; that is, if the indicator value is preferably smaller, the larger value 

close to the 2.5 percentile would be taken; if the indicator value is preferably greater, the smaller value 

close to the 97.5 percentile would be taken. 

3. RESULTS 

3.1 Transport SDG scores 

 
Fig. 1. Average performance of provinces on SDGs. a. SDG 9.1.1 proportion of near-road population; b. SDG 7.2.1 clean energy 

proportion of transport, warehousing, and postal industry; c. SDG 11.2.1 bus ownership among 10,000 people; d. SDG 13.2.2 

performance of transport CO2 emissions.  
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Fig. 2. Average SDG scores of six regions 

 

3.2 Trade-off analysis 

 
Fig. 3. Correlation coefficient of SDG performance. Spearman correlation coefficient was used.  

4. SUMMARY  

Transport is an important service industry in the national economy. Sustainable transportation is 

central to sustainable development. Currently, investigating the sustainable development process and 

trade-offs in Chinaôs transportation sector is urgent. In this study, 11 transport indicators were selected and 

constructed for the sustainable development goals (SDGs) under the UN indicator framework. The scores 

of each indicator were calculated, and spatiotemporal patterns and correlations were analyzed. The results 

revealed that China's transport infrastructure performed well in large transportation volumes and 

guaranteed traffic safety and strict land use control, with scores above 75. However, Chinaôs transport 
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sector currently faces a challenge in using clean energy, and a more balanced development of bus 

ownership among the provinces is expected. The correlation analysis revealed that both the significant 

trade-off and synergy relationships among the selected indicators accounted for approximately half, 

indicating that Chinaôs transport sector had prioritized achieving specific sustainable development 

objectives and that sustainable transport should be fully realized in the future. We suggest that more SDG 

indicators with indirect impacts should be included in future transport SDG research, and there should be 

further developments of trade-off and synergy research methodologies for SDG indicators. 
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1. INTRODUCTION  

Nowadays, cities host more than 55% of the world's population, while about 75% of European 

citizens live in urban areas 
[1]

. Cities concentrate people, infrastructures, activities, and resources, making 

them particularly vulnerable to the effects of climate change. This challenge is explicitly addressed by the 

United Nations (UN) Sustainable Development Goal (SDG) 11 ñMake cities inclusive, safe, resilient and 

sustainableò. With the rapid expansion of cities, natural and green areas are being increasingly replaced by 

artificial surfaces with different thermal capacities and conductivities, thus affecting urban heat fluxes and 

ultimately local climate 
[2]

. As a result, the Urban Heat Island (UHI) effect has intensified, leading to an 

increased impact on the health and welfare of citizens due to their persistent exposure to extreme thermal 

conditions 
[3]

. 

UHIs can be measured through a climate-based classification system called Local Climate Zones 

(LCZ), that defines 17 unique area types based on the physical and thermal properties of their surface 
[4]

. 

This classification explains the contribution of urban surface characteristics to heat fluxes and is therefore 

widely employed for urban climate-related studies. LCZ maps are typically derived from the supervised 

classification of satellite imagery, by leveraging ancillary Earth Observation products and geospatial data 

to define suitable training datasets. A detailed and comprehensive protocol established by the World 

Urban Database and Access Portal Tools (WUDAPT) and formalized by 
[5]

 provides guidelines on how to 

perform the LCZ classification. 

With this background, this work contributes to the investigation of the climate of the Metropolitan 

City of Milan (MCM). Landsat 8 satellite imagery is leveraged for computing a detailed LCZ map of the 

study area as well as to assess the relationship between LCZs and Land Surface Temperature (LST). 

Outcomes provide preliminary evidence on the effect of land surface features and temperature distribution, 

pointing out how natural surfaces can significantly contribute to buffering extreme temperatures in urban 

areas. 

2. MATERIALS AND METHOD S 

2.1 Study area and data collection 

The analysis developed in this study is focused on the Metropolitan City of Milan (MCM), located in 

the Lombardy Region (Northern Italy). With more than 3 million inhabitants 
[6]

 and an area of 1,575 km², 

it is the second most populous metropolitan city in the nation. The area experiences cold winters as well as 

humid and hot summers, with poor wind circulation, which makes it susceptible to persistent UHIs and 

therefore a suitable test area for investigating local climate effects. Average temperatures range from -

0.9°C to 5.9°C in January and from 18.0 to 29.2°C in July, but maxima higher than 35°C are becoming 

increasingly frequent during summer 
[7]

. 

Landsat 8 was selected among available missions as it provides global coverage, freely available, and 

high spatial resolution imagery through two main sensors, an optical sensor (the Operational Land Imager, 

OLI), and a thermal one (the Thermal Infrared Sensor, TIRS). This study was carried out by exploiting the 

Collection 2 Level 2 (C2L2) product of the Landsat 8 mission, which provides analysis-ready Bottom-of-

Atmosphere (BOA) reflectance data. Specifically, bands 1 to 7 (with 30m resolution) were employed with 

the aim of generating LCZ maps. To account for seasonality and increase classification accuracy, 5 images 

were selected in the different seasons of 2021, namely 16 March, 19 May, 6 July, 24 September, and 5 

mailto:alberto.vavassori@polimi.it
mailto:mathildedanielle.puche@mail.polimi.it
mailto:maria.brovelli@polimi.it
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December, all acquired at 10:10 a.m. Greenwich Mean Time. The thermal band 10 (30m resolution) was 

used to derive the LST map. In order to detect the highest temperatures experienced across the study area, 

the image of 22 July 2021 was selected. The choice of specific images was restricted to dates with a 

maximum cloud coverage of 5% over the study area. 

Ancillary geospatial datasets, including soil consumption data (Carta Nazionale Consumo del Suolo), 

building height data (obtained from the Lombardy Region Topographic database), and Google Satellite 

images, were leveraged for creating suitable training and testing datasets. 

2.2 LCZ classification 

As C2L2 Landsat 8 products provide BOA reflectance values, no additional atmospheric correction is 

required. Therefore, bands 1 to 7 were merged into a single multispectral raster for deriving the LCZ 

classification map. The building height dataset was converted into a raster dataset and added to the 

multispectral image as a new band in order to improve the classifier performance. 

The Random Forest (RF) algorithm was used for the classification. A single training set was applied 

to each of the five Landsat 8 images in order to obtain the LCZ maps. The training set was created through 

a combined analysis of soil consumption and building height layers as well as Google Satellite imagery 

photo-interpretation. An independent testing set was similarly created for the classification accuracy 

assessment. Only 8 of the 17 original LCZs were identified in the area of interest. Specifically, 5 built-up 

classes - namely Compact Mid-Rise (class 2) Compact Low-Rise (class 3), Open Mid-Rise (class 5), Open 

Low-Rise (class 6), Large Low-Rise (class 8) -, and 3 non-built-up classes - namely Scattered Trees (class 

102), Low Plants (class 104), and Water (class 107). 

The RF algorithm was run on each satellite image, resulting in 5 LCZ maps for 2021. Maps were 

post-processed with a majority filter and combined using majority voting to obtain one single LCZ map. 

The small percentage of pixels for which no majority was found was left with no-data value. Finally, the 

test dataset was used to assess the classification accuracy by using standard metrics derived from the 

confusion matrix. 

2.3 LST mapping and relation with LCZ 

The Landsat 8 ST product is derived from the Collection 2 Level 1 TIRS band 10 and generated from 

the single channel algorithm 
[8]

. To retrieve the LST from the L2C2 image, a linear transformation of the 

digital number (DN) was performed as shown in Eq. (1) and (2): 

 

 

 

As documented in 
[9]

, the presence of clouds may cause large negative errors in the LST distribution. 

To avoid this issue, the north-eastern portion of the MCM with significant cloud coverage was removed. 

The resulting LST map was used together with the final LCZ map to compute the mean temperature of 

each class and disclose the effect of urban texture and land cover composition on the surface temperature. 

3. RESULTS 

The final LCZ is depicted in Fig. 1 while the accuracy assessment results are reported in Table 1. 

With an overall accuracy (OA) of 94%, the achieved LCZ map is one of the most accurate maps available 

in the World Urban Database. The building height dataset allowed to properly differentiate Mid-Rise from 

Low-Rise classes, resulting in user accuracy (UA) and producer accuracy (PA) values higher than 82% for 

all the classes (and higher than 90% for most of the classes). 

The derived LST distribution for 22 July 2021 (see Fig. 2) depicts temperatures ranging from 12 to 

63°C, with an average of 40.5°C and a standard deviation of 5.6°C. By computing the mean temperature 

per class, natural classes turn out to have cooler temperatures than built-up classes (see Fig. 3) with mean 

LST ranging from 43.7 to 46.2°C and from 33.9 to 39.1°C, respectively. This first experiment thus 

https://groupware.sinanet.isprambiente.it/uso-copertura-e-consumo-di-suolo/library/consumo-di-suolo
https://www.geoportale.regione.lombardia.it/download-pacchetti?p_p_id=dwnpackageportlet_WAR_gptdownloadportlet&p_p_lifecycle=0&p_p_state=normal&p_p_mode=view&_dwnpackageportlet_WAR_gptdownloadportlet_metadataid=%7B1CE0E71B-6451-4B5D-8E4D-BC0FF6E0A46F%7D
https://lcz-generator.rub.de/submissions
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provides pieces of evidence about the importance of natural areas in mitigating summer extreme 

temperatures. 
 

 
Fig. 1. Final LCZ map (2021) at 30m resolution. 

 

 

Fig. 2. LST map (22 July 2021) at 30m resolution. 
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Fig. 3. Mean LST per class. 

 

Table 6. LCZ final accuracies. 

 

CLASS 

2 

Compact 

Mid-Rise 

3 

Compact 

Low-Rise 

5 

Open  

Mid-Rise 

6 

Open 

Low-Rise 

8 

Large  

Low-Rise 

102 

Scattered 

Trees 

104 

Low Plants  

107 

Water 

PA [%] 97.9 82.8 82.5 90.9 97.7 99.0 99.2 99.4 

UA [%] 95.7 89.6 94.4 85.9 95.1 95.3 98.5 99.6 

OA [%] 94.0 

4. SUMMARY  

This study exploits high-resolution satellite imagery and ancillary geospatial datasets to investigate 

the effect of urban morphology and land cover composition on the local climate, using the MCM as a case 

study. Satellite imagery from Landsat 8 mission was used to derive a detailed LCZ map depicting urban 

texture, morphology, and land cover composition across the study region. Five cloud-free and analysis-

ready images for the year 2021 were processed and classified with the RF algorithm to derive a set of LCZ 

maps that were finally merged to achieve a single synthetic LCZ map. The OA of 94% and single-class 

accuracies higher than 82% point out a satisfying performance of the tested procedure for the LCZ 

mapping. 

A preliminary experiment for the assessment of the LCZ effect on the urban climate was run by 

computing the LST distribution across the MCM. A single Landsat 8 image of July 2021 was selected and 

processed to point out temperature extremes in summer and to perform a preliminary correlation analysis 

between LCZ and LST distribution. Results show an underlying relationship between the LCZ and the 

LST for the chosen study area, with the built-up climate zones experiencing a higher mean temperature 

(ranging between 44 and 46°C) than the non-built-up zones (where average temperatures range between 

34 and 40°C). 

The proposed LCZ mapping approach looks promising for improving the available WUDAPT 

classification for the study region. The resulting map may be employed for further investigations of the 

urban climate at a local scale, including the analysis of a relevant climate-related variable, i.e., air 

temperature, and its relationship with the LCZs. The correlation between LCZs, LST, and air temperature 

for different seasons and day hours - foreseen as a future development of this work - will provide insights 

into the influence of urban morphology and human footprint on the local climate. 
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1.  INTRODUCTION  

Air quality deterioration has recently become a pressing topic for local, regional and global authorities. 

Nitrogen Dioxide (NO2) is an atmospheric pollutant that causes health problems like Chronic Obstructive 

Pulmonary Disease (COPD)
[1]

. The combination of NO2 impact on health and global warming has 

encouraged organizations such as the European Union (EU) to measure and monitor atmospheric 

pollutants
[2]

. Additional to these guidelines and to promote global engagement, the UN established the 

Sustainable Development Goals (SDGs). In particular, SDG 11 addresses the topic of pollution and 

Sustainable Cities and Communities. One of the targets of this goal is to reduce the adverse per capita 

environmental impact of cities, by paying special attention to air quality and municipal and other waste 

management
[3]

. As reported by Pinder et al (2019) air quality monitoring in High-Income countries, like 

the USA, has been implemented in the last 50 years. Moreover, according to the same paper, this has been 

achieved through the investment of millions of dollars to install, maintain and use monitoring stations. 

Unfortunately, this is not the case in Low- and Middle-Income Countries (LMICs), where air quality 

monitoring is poor or not present
[4]

. 

The main purpose of this work is to present a solution to this problem by enabling LMICs to monitor 

ground air quality without the need of making a financial investment to install ground stations. This issue 

has already been partially addressed with the development of satellite technology. An example is the 

Sentinel-5P from the Copernicus programme developed by the European Commission, the European 

Space Agency (ESA) and the European Organisation for the Exploitation of Meteorological Satellites 

(EUMETSAT). This programme is mainly designed to provide European citizens with open data about the 

Earth. Sentinel-5P is a satellite equipped with a state-of-the-art sensor capable of measuring atmospheric 

pollution concentrations at a spatial resolution of 5 km x 3.5 km. Although satellite data has a good 

correlation with ground sensor measurements in some cases (like mountain regions) these measurements 

have a weak correlation
[5]

. For this reason, this work describes an Artificial Intelligence (AI) trained model 

to provide ground-level measurements starting from the satellite data. 

As a case study for this work, we considered analysing atmospheric NO2 concentrations in the 

Lombardy region in the North of Italy. NO2 was selected due to its close relationship to human 

transportation. This can serve for authorities to implement measures to improve the situation. According to 

the EEA, transportation is the main cause of this pollutantôs concentration in ambient air
[6]

, therefore, we 

focus on air quality in urban areas. Lombardy is considered a pollution hotspot and due to its topographic 

characteristics, it was selected as the area of interest. The presence of the Alps in the North and West, and 

the Apennines in the south promotes the wind to get entrapped in the area. Frequent thermal inversions, 

prevent correct atmospheric pollution dispersion
[7]

. Additional to this, Facebook mobility data provided by 

the crisis portal Data for Good were used to relate atmospheric pollution with anthropogenic dynamics in 

the area.  

Given that building a pollution measurement model is sophisticated, this work was divided into two 

phases. The former (described in this document) uses both a combination of satellite data and ground 

sensor data to train the algorithm. Future work will be focused on the exclusive use of satellite data.  

This document will be divided as follows, in the following section, the materials and methods will be 

described, as well as the computational model used. In the third section, the preliminary results will be 

presented and described. The final section includes a summary of the work performed, as well as future 

steps that will be developed. 

2. MATERIALS AND METHOD S 
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The Lombardy Regional Environment Protection Agency (ARPA Lombardia) provides citizens, 

companies, and organisations with constant air quality and meteorological measurements. Measurements 

are obtained using a ground network composed of 84 fixed stations with a 10-minute temporal resolution. 

After data is obtained, it is shared through its data portal (http://dati.lombardia.it) in an open and 

accessible fashion. Even though the agency provides data for all of the Lombardy Region, this work is 

focused on pollution measurement in urban areas, therefore only sensors present in Milan were used. The 

ground sensor data from ARPA used in this study were NO2 ground concentrations, ambient temperature, 

wind speed, precipitation, global radiation and relative humidity. Data is provided in Comma-Separated 

Values (CSV) format. 

For the satellite component, data from tropospheric NO2 Sentinel-5P measurements were used. The 

reason for this is that this satellite is currently the one that provides the highest spatial resolution for NO2 

tropospheric measurements among satellites. An example of this is the OMI satellite from the National 

Aeronautics and Space Administration (NASA) which has a spatial resolution of 13 km × 24 km and daily 

time resolution
[8]

. Sentinel-5P data is provided with a daily temporal resolution and in NetCDF format. 

Due to the current incapability of ESAôs web portal (https://s5phub.copernicus.eu/dhus) to provide 

Sentinel-5P data downloads in batch mode, the CREO DIAS (https://creodias.eu/) was used. 

Facebook (now Meta) developed a service to deliver information to the scientific community in 

response to crises and emergencies. This service is offered through the Facebook Data for Good platform 

(https://dataforgood.facebook.com/). We used the Facebook Mobility Maps for this project to consider 

Facebook users' movements and understand the influence of anthropogenic dynamics on NO2 emissions. 

2.1 Computational Model 

Estimating daily atmospheric NO2 concentrations at ground level is the final goal of this model. 

Through a Long Short Term Memory (LSTM) artificial neural network, we employed a neural network 

Non-Linear Multivariate Autoregressive Model. Many of the issues with other networks are solved by the 

supervised learning prediction architecture known as LSTM. This can carry long-term dependencies into 

the future
[9]

. 

The Python programming language was used to implement the LSTM neural network. It was chosen 

as the programming language since it has been the site of the creation of numerous scientific libraries. 

TensorFlow and SciKit-learn were the scientific libraries utilized in this work 

(https://www.tensorflow.org/ and https://scikit-learn.org/, respectively). TensorFlow was used to generate 

the LSTM model, while SciKit-learn was used to prepare the data to be utilized as an input to the model. 

2.2 Methodology 

Three steps made up the methodology used for this project (data processing, training, testing and 

validation). A little more than 80% of the project's time was spent on data processing. The end product 

was a Python processing pipeline that automatically introduces and processes each dataset. A dataset 

containing movement from Facebook and weather data from ARPA Lombardia was used for the training 

process. The ARPA NO2 ground average reading for each day of the year was provided as the searched 

output. In this manner, the LSTM could comprehend that a particular set of variables will lead to a 

particular ground NO2 measurement. The testing phase consisted in generating a predicted NO2 

measurement and comparing it with the real results (i.e. the RMSE was used as a measure of error)
[10]

.  

3. RESULTS 

Results show that the daily NO2 forecasts from the LSTM model are reasonably close to the actual 

observed values at the ground level. Thus, both satellite and meteorological indicators can help to explain 

a portion of the ARPA atmospheric NO2 data. In this instance, the RMSE is on the order of 2.5 g/m
3
 units. 

Original data ranges from a minimum of about 10.97 g/m
3
 to a maximum of 58.96 g/m

3
 with a mean of 

32.2 g/m
3
 and a standard deviation of 10.52 g/m

3
. The RMSE measurement shows that the predicted 

values enhance the satellite NO2 estimation, but it is still unclear whether they can be utilized as a 

preliminary benchmark for ground air quality. The data trend shows that the model can produce values 

that are reasonably close to reality. It can also be observed that, by now, the algorithm is not predicting 

well days with abnormal concentrations.  
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4. SUMMARY  

In this work, we have created a computational model that calculates ground NO2 air concentrations 

starting from April 2020 until April 2022. We used an artificial neural network LSTM algorithm that 

enables the system to be trained with long time series of data. This work can be used as a baseline for 

future studies of pollution prediction by using a combination of Sentinel-5P and pollution ground 

measurements. Future steps will focus on estimating air quality based only on meteorological satellites 

and Sentinel-5P. 
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1. INTRODUCTION  

Migrant workers are the main force driving China's industrialization and urbanization. They have 

become the main body of industrial workers in China. They are a strong support for "Made in China" to go 

to the world, and they have made a huge contribution to economic and social development. 

Studying the population flow of migrant workers can provide ideas for solving migrant workers' 

problems and promoting rural revitalization. Since the Reform and Opening Up, with the improvement of 

the urbanization, migrant workers are mainly flowing from the countryside to the city. The rural 

revitalization strategy has been proposed in recent years, many migrant workers prefer to return home to 

start their own businesses. Sorting out the flow of migrant workers is of great significance to explore its 

driving mechanism and promote coordinated development 
[1]

.  

Anhui and Henan are populous provinces of migrant workers. To solve the problem of how to 

construct noctilucent data based on low-light sensor to model population flow, this project detects migrant 

workers' population flow in Anhui and Henan provinces during the Spring Festival by using high spatial 

resolution low-light-level image, establishes the relationship between urban information and population 

spatial distribution based on the automatic matching of low-light-level image and multi-spectral image, 

and explores the relationship between migrant workers' return to their hometown and rework and regional 

lighting changes during the Spring Festival.  

2. MATERIALS AND METHOD S 

In this study, SDGSAT-1 low-light-level data and multispectral image data of Anhui and Henan 

before and after Spring Festival in recent five years were used. These data are provided by the SDGSAT-1 

remote sensing satellite from the International Research Center of Big Data for Sustainable Development 

Goals. The data have been preprocessed by radiometric, atmospheric, and geometric correction. The range 

width of low-light-level image is 300km, and the spatial resolution of panchromatic and color low-light 

data is divided into 10m and 40m. The multispectral image has a range width of 300 km and a resolution 

of 10m. 

2.1 Low-light-level image filtering 

Low-light-level image can obtain the intensity and partial information of light efficiently, but it has 

the disadvantages of small dynamic range, low contrast, and low signal-to-noise ratio. Therefore, it is 

necessary to preprocess the low light level image with enhancement and denoising.  

2.2 High precision automatic registration for low-light-level and hyperspectral images method 

Low-light-level image and multispectral image are from different sensor. The multispectral image 

can detect the distribution and type of buildings in the target area. The low-light-level image can detect the 

population and distribution according to the light. The main content of this project is to 1) carry out 

automatic registration and fusion of data of two modes. 2) Study the detection ability of low-light-level 

image on population migration. 3) Superimpose human living area extracted from multi-spectral image 

and population distribution extracted from low-light image to analyze the general changes of population in 

the target area. 

This method mainly includes three parts: 
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(1) Construction of the multi-modal image block pair sample library by using artificial production 

combined with sample expansion based on Generative Adversarial Network (GAN).  

Firstly, we choose some typical multi-modal images with different terrain, different season, different 

surface coverage of the area. We select the same name points for multi-modal images and then use 

classical correction models such as polynomial models and rational number models for registration. Then 

we crop the multimodal image block pairs with a certain size. Each sample contains blocks of the same 

size with different modal data in the same area, which means that the center point of each modal block is 

consistent in geographical location. Finally, build a preliminary sample database with certain number of 

collected samples. 

Traditional methods and Deep Learning can be used to expand the sample database. Traditional 

methods include image rotation, image flipping, changing contrast, adjusting brightness, transforming 

saturation, adding color perturbation, etc. The sample augmentation method based on GAN can make the 

model automatically generate abundant unknown samples and increase the scene complexity of samples in 

the sample base.  

(2) Construction of image block pair similarity judgment network based on triplet twin network  

The structure of the triplet twin network is shown in Fig.1. A pair of samples were selected from the 

sample base, which were called anchor points and positive examples respectively, and then other unpaired 

hetero-modal image blocks were randomly selected from the sample base as negative examples. Feature 

extractor uses deep convolutional network to extract texture features of image blocks, such as VGG and 

U-Net. After the three input image blocks enter the same feature extractor, the corresponding 3d feature 

tensor is obtained as the eigenvalue of similarity calculation. The similarity between features can be 

measured by the Sum of Squared Difference (SSD). The smaller the SSD between two features, the more 

similar they are.  Combined with the ternary loss training network model, make the distance from the 

positive example to the anchor tends to 0, make the distance from the negative example to the anchor 

tends to infinity. This means that if two image blocks with different modes correspond to the same 

geographical location, the features learned by the network are similar. Otherwise, the features learned 

have no similarity at all. This enables the network to judge the similarity of image blocks of different 

modes. Then serve as a homonym search tool for multi-mode image registration to complete image 

registration.  

 
Fig. 1. Captions should be placed below the figure. Please use graphics fonts large enough to be clearly readable. Figures captions 

should be 9pt. Times New Roman, centred, numbered with Arabic numbers.  

(3) Acceleration of inference speed of image block matching network using Fourier Transform (FT). 

The matching method based on image block uses sliding window to generate similarity hot map. It 

takes the most similar point as the result. FT can Transform the sliding window from space domain into 

frequency domain. It will greatly reduce the time and space overhead required to match points with the 

same name.  

2.3 Detection of population distribution 

There are three main technical routes for population detection: 
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(1) Extraction of luminance value (DN value) of low light level data 

The extraction of DN value requires the desaturation of noctilucent image first. The nighttime light 

brightness in the urban center far exceeds the maximum brightness of the sensor, resulting in serious 

oversaturation in the central area where the lights are concentrated. Some classical noctilucent index 

desaturation, such as the index of Nighttime Light (NTL), Index of Corrected Nighttime Light (CNTL), 

Vegetate on Adjust NTL Urban Index (VANUI) and other indexes can fix this problem 
[2]

. Then, exclude 

some light information of non-human habitation by using maximum entropy threshold segmentation. 

When entropy is maximum, the uncertainty between foreground and background is maximum. Then set it 

as the threshold of the image. 

(2) Construction of population parameter 

The low-light-level sensor of SDGSAT-1 consists of a panchromatic band and RGB bands. The color 

bands can describe some radiation indices closely related to human activities, such as the brightness of 

construction land, water area, arable land, and forest land. These parameters can be used as independent 

variables in population distribution modeling.  

(3) Spatial modeling of population distribution 

Studies have shown that there is a strong correlation between population distribution and light 

intensity characterization at night 
[3-4]

. Two sets of independent variable indexes could be established by 

statistically analyzing the area with light, area without light and total radiation brightness of various land 

use types. Pearson correlation analysis will tell the degree of correlation between selected indicators and 

population size. The closer the coefficient is to 1, the stronger the correlation between variables. In this 

project, lighting statistics of various plots at the township scale were taken as independent variables and 

demographic values as dependent variables. Using Pearson correlation analysis to fit the regression 

parameters. According to the correlation between brightness statistics and population distribution.  

The population migration of the target area can be analyzed by superposing the residential layer 

extracted from the multi-spectral data and the population distribution map extracted from the low-light-

level data. Based on the mask of residence, different accommodation indexes are set for different 

buildings. Then the accommodation distribution map with the same spatial grid size as the population 

distribution map can be calculated. Superimposed on the estimated population map, the vacancy rate can 

be further calculated. Combined with the statistical yearbook of the local government, the data of migrant 

workers in the target area and their spatial distribution can be analyzed. Thus, we can roughly figure out 

the rate of migrant workers going out to work and returning home during the Spring Festival in the target 

region.  

3. RESULTS 

The low-light-level detector can get information about the intensity and distribution of lights at night. 

Traditional methods for demographic or economic surveys based on low-light-level images do not have 

high spatial resolution. Therefore, the method of modeling the correlation between low-light-level images 

and population or economic factors in a large-scale grid is mainly used. SDGSAT-1 has high spatial 

resolution noctilucent data. It can directly model the spatial distribution of population, but the modeling 

ability needs to be further explored. 

4. SUMMARY  

Preliminary results of the experiment suggest that the accuracy of geometric registration of low-light-

level image and multispectral image can be locally improved to pixel level. Median filtering can eliminate 

image noise and preserve object boundary. The low-light-level data can detect population spatial 

distribution and population flow.  
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  1. INTRODUCTION  

In 2015, 17 Sustainable Development Goals (SDGs) were proposed to support the 2023 Agenda for 

Sustainable Development. Among them, SDG 11.6 aims to reduce per capita negative environmental 

impacts in cities 
[1]

, with a particular attention to the air quality (SDG 11.6.2). Aerosols in the atmosphere 

not only affect the Earthôs climate and ecosystem through direct and indirect radiative forcing, but also 

can enter the respiratory tract with human respiratory activities and partially deposit in the lungs, thus 

causing lesions and threatening human health 
[2]

. The Aerosol Optical Depth (AOD) is an important 

parameter to characterize the degree of aerosol effect 
[3]

. The inversion of AOD can help understand the 

urban pollution and climate change. 

Many studies calculated AOD from night-time light images 
[4, 5]

. Currently, the widely available 

night-time light images such as Defense Meteorological Satellite Programôs Operational Line-Scan 

System (DMSP/OLS) and Suomi National Polar-Orbiting Partnership Satelliteôs Visible Infrared Imaging 

Radiometer Suite (Suomi NPP/VIIRS) are not enough to reflect the human activity at a fine resolution 
[5]

. 

The Sustainable Development Science Satellite 1 (SDGSAT-1) is the worldôs first science satellite 

dedicated to serving the 2030 Agenda. The Glimmer Imager for Urbanization (GIU) of SDGSAT-1 

includes a panchromatic band and three multicolor bands (RGB), with the spatial resolution of 10 m and 

40 m, respectively. As the first multicolor GIU with a high spatial resolution, it can serve for the elaborate 

monitoring of air pollution, and thus is especially suited to the inversion of the urban AOD. 

In this study, we estimated the urban AOD using the 10 m GIU of the SDGSAT-1 satellite. The AOD 

result was compared with that derived from the VIIRS imagery and verified by the Aerosol Robotic 

Network (AERONET) site data. This study demonstrates an effective measure for the inversion of the 

AOD product from SDGSAT-1 GIU data, and thus provides a technical solution to monitor the urban 

pollution at the fine scale so as to achieve SDG 11.6.2. 

2. MATERIALS AND MET HODS 

2.1 Study area and data 

The study area is located in the center of the Beijing City, the capital of China. The panchromatic 

images of SDGSAT-1 GIU were used for the inversion of the AOD, with a spatial resolution of 10 m. The 

AOD inversion method relies on the multi-temporal images to provide a base map (see the detailed 

method in Subsection 2.2). Therefore, three GIU images were involved for the AOD inversion, with the 

acquisition dates of November 26, 2021, January 3, 2022 and February 4, 2022. The VIIRS/Day-Night 

Band (DNB) data, with a spatial resolution of 400 m, were used in the same way to provide a benchmark 

result. The three VIIRS/DNV images were acquired on November 26 to 28, 2021. Only one image on 

November 26, 2021 was used for comparison. Two site data (Beijing and Beijing-RADI) were available 

on that day from the AERONET to provide verification data. 

2.2 Method 
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The urban AOD is calculated by the following equation 
[5]

.  

 

where  denotes the urban AOD,  denotes the zenith angle,  denotes the spatial deviation of the 

radiation, and  represents the inherent spatial deviation of the urban lighting under the conditions of no 

aerosol, no cloud and no moonlight.  

McHardy 
[5] 

indicated that standard deviation can be a substitute of the spatial deviation. Therefore, 

this study used the standard deviation in a local spatial template to represent the spatial deviation of urban 

light. To derive , the standard deviation was calculated for each of the multi-temporal images, and the 

maximum value was used as the inherent spatial deviation to provide a base map.  was directly 

calculated through standard deviation from each image. Since the inversion of AOD is only suited to the 

urban area, it is necessary to determine the urban pixels from the GIU data. Suggested by McHardy 
[5] 

, the 

pixels with the radiation value greater than 1.5 times the overall average are assumed as the urban pixels. 

3. RESULTS 

3.1 Inversion results 

Fig. 1 shows the original night-time light images of SDGSAT-1 and VIIRS/DNB, and their AOD 

inversion results on November 26, 2021.  

 
(a) Panchromatic image of SDGSAT-1 GIU 

 
(b) VIIRS/DNB image 
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(c) AOD inversion result based on SDGSAT-1 GIU data 

 
(d) AOD inversion result based on VIIRS/DNB data 

Fig. 1. SDGSAT-1 GIU and VIIRS/DNB and the AOD inversion results 

It can be seen that the AOD results of both show high values in the city center and low values in the 

surroundings, which accords with the general rule: the city center tends to have turbid the atmosphere and 

low atmospheric transmittance, whereas the suburbs of city are with cleaner atmosphere and higher 

atmospheric transmittance. Due to the limitation of the spatial resolution of the VIIRS/DNB data, its AOD 

result cannot accurately reflect spatial details of the city. In contrast, the AOD result based on the 

SDGSAT-1 shows stronger spatial continuity within the same value range, which can retrieve the AOD 

details of buildings and streets at an unprecedented fine scale. 

3.2 Comparison with AERONET AOD data 

Two AERONET site data were available on November 26, 2021 and February 4, 2022 (although with 

4 hoursô difference with the satellite transit time). Fig. 2 shows the correlation between AOD products 

retrieved from SDGSAT-1 GIU data and AERONET site data. The squared Pearson correlation coefficient 

( ) was assessed. The goodness of fit  between inversion results and AERONET data is 0.71. In 

Wangôs results 
[6]

, the goodness of fit ( ) between AOD products produced by the VIIRS/DNB data and 

AERONET site data was 0.69. The result shows that the correlation of AOD products derived from 

SDGSAT-1 was higher than that from the VIIRS / DNB data.  

 

Fig. 2. Comparison of AOD inversion results of two phases with AERONET site data. 

4. SUMMARY 
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In this study, the AOD product in the Beijing city was retrieved from the SDGSAT-1 GIU data. 

Compared with the AOD result based on the VIIRS/DNB data and AERONET site data, this study proved 

that the AOD result based on the SDGSAT-1 GIU data not only has a higher accuracy, but also includes 

richer spatial details. This AOD inversion method can accurately reflect the status of urban pollution, and 

can be extended to the other city areas to provide elaborate global monitoring data for the implementation 

of SDG 11.6.2. 
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1. ABSTRACT 

Cities have become attractive destination to many people who are at their prime age looking for 

employment and quality lifestyle. They are hot beds of economic growth, innovations and cultural 

melting pots. According to International Telecommunication Union (ITU) report, by 2050, more than 

70% of the worldôs population is projected to live in cities with high urbanization expected in Asia and 

Africa. This unprecedented urbanization brings with it a number of resources and sustainability 

challenges. Goal no 11 in the 17 Sustainable Development Goals (SDGs) of 2015; successors of the 8 

Millennium Development Goals (MDGs) of 2000, unveiled by UN emphasizes on smart data to leapfrog 

building smart, resilient and sustainable cities by 2030. Smart open data, can be used to plan, implement, 

monitor the progress towards this envisaged dream in 2030 agenda.  The UN recognized vitality of open 

data by embodying data revolution principles which emphasizes on open data that meets FAIR principle 

(Findability, Accessibility, Interoperability and Reusability) towards 2030 vision. Towards this end, 

many smart cities initiatives have been launched around the world aimed at arresting impending city 

challenges in order to actualize the global dream. Yet, the potential of open data is not yet fully leveraged 

in these initiatives due to its newness and ecosystem challenges. This research sought to underscore the 

significance of ñsmartò open data to leapfrog smart and sustainable cities. Synthesis of findings from 

research literature review through quantitative and qualitative analysis based on narrative reviews of 

scientific publications, case studies and interviews with expert underscore disintegrated and 

uncoordinated city initiatives, hence proposes an integrated novel smart city framework leveraging on 

ñsmartò open data to build inclusive, safe, resilient, sustainable cities as envisaged in vision 2030.  

Keywords:  Open Data, Smart Data, Smart Cities, Sustainable Cities, SDG11 

2. INTRODUCTION  

Smart cities have been painted as the ñmagic bulletò to all urbanization challenges and envisaged 

opportunities 
[1, 2] 

. As such, they are indispensable to nations, hot beds of economic growth, innovations 

and are cultural melting pots. Up to 80percent of worldôs GDPs is generated in cities, making them 

engines of economies 
[3, 4, 5, 6, 7].

 This is an indication that cities have salient features and a cultural identity 

as well as present a multitude of opportunities for business, entrepreneurs, innovations, and quality life 
[6]. 

Given these attributes, cities attract people from rural areas seeking employment opportunities and 

excellence lifestyle 
[4].

 As such, cities continue to witness megatrends of population growth, with more 

than 50 percent of world population living in cities currently and projected to reach 70 percent by 2050 
[19].

This is an indication that cities is bound to face serious challenges from sustainability of infrastructure 

to environment to effective service delivery if no action is taken 
[3, 4, 5, 10, 11, 12, 13, 19].

 For example, cities 

demand two thirds of the global energy at the same time producing up to 7 percent of the global 

greenhouse gas emissions. Buildings alone accounts 40 percent of the worldôs energy use producing a 1/5
th
 

of the worldôs CO2 emissions. At the same time, 75 percent of global natural resource consumption 

happens in cities while a third of people in developing countries living in cities live in slums 
[14].

  In 

addition, there has been a proliferation of cases of social instability in some cities around the world due to 

unemployment, widening income inequalities and marginalization. Inadequate and lack of affordable 

housing, proliferation of informal dwellings, as well as sewerage and sanitation problems, air and water 

pollution, traffic congestion, urban violence and crime also constitute major challenges to urban 

governments and policymakers 
[8].

 In 2016, 91% of the urban population globally were breathing air that 

did not meet the World Health Organization (WHO) air quality guidelines value for Particulate Matter 



 

90 

(PM 2.5). More than half were exposed to air pollution levels at least 2.5 times higher than that safety 

standard and is estimated that 4.2 million people died as a result of high levels of ambient air pollution 
[27].

 

Consequently, smart solutions have been championed to reverse this trend and tackle myriad city 

challenges, although many of these solutions are neither leveraging IoT nor smart open data generated by 

citizens hence they are not aligned with sustainability targets envisaged in 2030 agenda, thereby 

generating the concept of smart sustainable cities 
[15].

 A smart sustainable city is an innovative city that 

uses ICT technologies and other means to improve quality of life, efficiency of urban operation and 

services, and competitiveness, while ensuring that it meets the needs of present and future generations 

with respect to economic, social, environmental as well as cultural aspects 
[16].

 Smart cities has the ability 

to leverage on technology and use big data generate by citizens every second to achieve convenience and 

efficiency by optimizing resources. A smart city targets energy savings and adopts environmentally-

friendly technologies, which helps promoting sustainable development. All successful smart cities benefit 

from the monetization of municipal services. It can range from installing paid parking meters, to collecting 

public macro-data such as car parking spaces, congestion, bins, energy and water use, satellite imagery, 

population density, and crime statistics. The data is then converted into useable information, accessible 

through subscriptions. In the wake of unprecedented urbanization challenges, intelligent technologies 

anchored in smart open data must be leveraged to ensure smart sustainable development envisaged in the 

UN 2030 agenda. The UN SDGs are the 17 ambitious goals envisaging poverty eradication, systematic 

tackling of climate change through Sendai framework, building peaceful, resilient, equitable and inclusive 

societies.This study sought to review literature with case studies in urbanization and associated challenges, 

smart cities, open data and SDGs, specifically goal no. 11 that has branded smart cities as a ñmagic bulletò 

to all urbanization challenges and opportunities. The Analysis of the findings is then used to propose an 

integrated novel framework towards intelligent and sustainable cities leveraging on open data. The 

research output adds to the existing body of knowledge about smart cities and open data and acts as a 

guide to policy makers and city governments for emerging cities in order to leapfrog into 21
st
 century 

sustainable development agenda and beyond. 

3. METHODOLOGY  

This research methodology used sought to underscore the significance of open data to leapfrog smart 

and sustainable cities. Synthesis of findings from research literature review through quantitative and 

qualitative analysis based on narrative reviews of scientific publications, case studies and interviews with 

expert underscore disintegrated and uncoordinated city initiatives, hence proposes an integrated novel 

conceptual smart city framework leveraging on open data to build inclusive, safe, resilient, sustainable 

cities as envisaged in vision 2030.This is visualized in Fig. 1. Based on the inputs obtained from literature 

review and case studies a conceptual framework to underpin planning, implementation, monitoring and 

evaluation of Smart cities is developed.  Fig. 2 shows the methodology for building conceptual smart 

sustainable city framework. 

 
4. CITIES AND URBANIZATION  

Over 80 percent of the GDPs is generated in cities 
[4, 6].

 By 2020, cities will create huge business 

opportunities with a market value of $1.5 Trillion 
[4, 6].

 Cities leveraging on open data catalyzed by  IoT 

technologies by 2025, a cross-sector, will have a total potential impact of $3.9 trillionï11.1 trillion per year, 

as distributed in Fig. 3 
[17].

 Thus, cities present  many socio-economic benefits and have gained traction 

globally. By 2014, 54% of the worldôs population lived in urban areas with Asia hosting 53%of the worldôs 

urban population, Europe 14%, and Latin America and the Caribbean 13%. The current trend shows that in 
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every one second, urban population increases by 2 people 
[18].

 Globally by the year 2050, approximately 

70% of global population that is projected to be 9.6 billion will live in cities, with the fastest growing cities 

of less than 1 Million inhabitants being in Asia and Africa 
[12, 18, 19].

 Albeit, cities the way they are planned 

and governed, are not prepared to cope up the ongoing demographic changes and related challenges. This 

situation, has the potential to become critical and irreversible in the near future if not acted upon urgently. 

Nevertheless, data generated from citizens and IoT in urban development, if aptly used, have the potential 

to become the driving force underpinning smart cities envisaged in the global agenda of 2030; SDGs  goal 

no. 11 thereby reversing the trend. Accordingly, there is a desperate need for the cities to get smarter to 

handle this large-scale urbanization, challenges, manage complexities, increase efficiency, reduce cost, and 

improve quality of life. Smart Cities is the route to sustainable development envisaged in 2030 agenda if 

Open Data is well leveraged. By ñsmartò, we mean that the city is more sustainable, livable and efficient. 

The smart city market is estimated to reach an annual spending of about $16 billion (Fig.3.) by the year 

2020 
[9].    

 

Fig 3. The Potential of IoT by 2025 in various sectors 
[17]

 

Research indicates that 62% of the Sub-Saharan Africa urban population and 43% of the urban 

population of South-Central Asia lives in temporary housing. One in four urban citizens does not have 

access to improved sanitation. Again 27% of the urban population in the developing world has no access 

to piped water at home. Further cities account for about 67 % of the global energy demand. Buildings 

represent about 40% of the total energy consumption. Cities are responsible for up to 70%  of harmful 

greenhouse gases 
[18, 25, 26].

 Further, a third of people in developing countries living in cities live in slums, 

and as the world continues to urbanize, sustainability challenges will be increasingly affect cities, 

particularly in Africa and Asia. Persistent urban issues over the last 20 years include urban growth, 

changes in family patterns, growing number of urban residents living in slums, informal settlements, and 

the challenge of providing urban services. Connected to these persistent issues are newer trends in the 

urban governance and finance. Emerging urban issues include climate change, exclusion and rising 

inequality, rising insecurity and upsurge in international migration 
[19].

  For example in South Africa, 

Enkanini, Stellenbosch slum was established in the year 2006, and by 2015 the population was of 80,000  

while Mathare in Nairobi Kenya was established in 1963 and by 2017-2018 the population was 190,000 
[20] 

. 

4.1. Cities and Sustainability  

The new urban agenda should promote smart and environmentally sustainable cities, resilient, 

inclusive, safe and violence-free, economically productive, better connected to and contributing towards 

sustained rural transformation. This is in line with the 2030 agenda for sustainable Development, 

especially Goal 11; to make cities and human settlements inclusive, safe, resilient and sustainable 
[19].

 Such 

cities will lay the foundation for a better futureða future where cities care for environment, people, the 

earth, air, water and other natural resources based on the urbanization trends and challenges explained 

earlier. A city is smart and sustainable if it promotes the four strands of development- Social, Economical, 

Environmental and Institutional. Towards this goal, the concept of smart cities has emerged as a ñmagic 

bulletò to tackle urban sustainability challenges towards 2030 agenda 
[1-3].

 The concept of óSmartô and 

óSustainableô City varies among cities and around the globe. There can be no single approach for making a 

city both smart and more sustainable 
[6].

 Each city is unique, with a unique economic, environmental and 

social context, and will have to determine a unique path to becoming smart and sustainable 
[12].

 One in 



 

92 

eight of the worldôs urban citizens lives in one of the 28 mega cities with more than 10 million inhabitants 
[12].

  As envisaged in SDG 11 of the 17 SDGs that was unveiled 2015, presents a holistic approach to 

global sustainability by embracing economic, social and environmental developments. Goals 6, 7,11,12,15 

and 17 shown in fig 10, relates to environment and unban developments envisaged to create smart and 

sustainable cities using innovative initiatives. 

4.2 Data Revolution for Smart Sustainable Cities 

Smart city paradigm is associated with ICT technologies, IoT and Big data. However, little research 

on big data-open data role in smart cities is scanty. FAIR principles requires that open data be Findable: 

have sufficiently rich metadata and a unique and persistent identifier; Accessible: retrievable by humans 

and machines through a standard protocol; open and free; authentication and authorization where 

necessary; Interoperable: metadata use a óformal, accessible, shared, and broadly applicable language for 

knowledge representationô; Reusable: metadata provide rich and accurate information; clear usage license; 

detailed provenance 
[21].

 The open data in cities can be related to the environment, water, health, buildings, 

transport, weather, transport and traffic, statistics and finance. Open data helps in ensuring transparency 

across systems, driving the participation of citizens in governance and improving service delivery by 

virtue of leveraging data for the welfare of people at large. With open data, governments may fuel the set-

up of groundbreaking services and businesses that render commercial and social value. Additionally, open 

data will facilitate coordination among multiple departments and increase the visibility of city coordinates 

for the delivery of services. Vision 2030, an ambitious agenda envisaging poverty eradication, systematic 

tackling of climate change, building peaceful, resilient, equitable and inclusive societies emphasizes on 

data release, data use and value addition and urgently calls everyone to mobilize the data revolution for all 

people and the whole planet in order to monitor SDGs progress, hold governments accountable and foster 

sustainable development 
[23].

 Open data could help to accelerate the development of smart cities by 

connecting the people most capable of creating smart city solutions with the data needed to generate and 

support them. Smart Cities have a lot of potential to improve the circumstances of both developed and 

developing countries.  Open Data Inventory and the 1st UN World Data Forum in 2017 Global Plan for 

Sustainable Development Data identified serious gaps in data and various levels of openness. A number of 

challenges in data availability to track progress towards implementation of SDG 11 also present 

significant barriers to assessing global progress on the goal.  Numerous open data impediments that are 

legal, political, social, economic, institutional, operational and technical in nature that needs to be 

addressed using open data policy to fully leverage city sustainable developments envisaged in 2030 

agenda. To move towards a new urban agenda, urbanization needs to be integrated, inclusive, resilient and 

sustainable. In realization of 2030 agenda, several approaches have been proposed towards smart and 

sustainable developments globally. The focus being on urban areas where the cities are concentrated. The 

novel integrated conceptual framework for smart city presented here is universal and adaptable to different 

national circumstances, based on key urbanization challenges and opportunities shared by all countries.  

Implementation of the framework must be integrated to address the inter linkages between the, social, 

economic, environmental and city governance objectives of sustainable development. To move towards 

more inclusive, resilient and sustainable cities in the all regions, global data revolution is key to attain 

effective and results-based implementation and monitoring of the new urban agenda at the local, national 

and global levels. Fig.4. Integrated smart sustainable Conceptual framework. The architecture including: (i) 

ICT infrastructure, IoT, Big Open data, and governance 

 


















































































































































































































































































































































































































