

[image: image]





FRONTIERS EBOOK COPYRIGHT STATEMENT

The copyright in the text of individual articles in this ebook is the property of their respective authors or their respective institutions or funders. The copyright in graphics and images within each article may be subject to copyright of other parties. In both cases this is subject to a license granted to Frontiers. 

The compilation of articles constituting this ebook is the property of Frontiers. 

Each article within this ebook, and the ebook itself, are published under the most recent version of the Creative Commons CC-BY licence. The version current at the date of publication of this ebook is CC-BY 4.0. If the CC-BY licence is updated, the licence granted by Frontiers is automatically updated to the new version. 

When exercising any right under the CC-BY licence, Frontiers must be attributed as the original publisher of the article or ebook, as applicable. 

Authors have the responsibility of ensuring that any graphics or other materials which are the property of others may be included in the CC-BY licence, but this should be checked before relying on the CC-BY licence to reproduce those materials. Any copyright notices relating to those materials must be complied with. 

Copyright and source acknowledgement notices may not be removed and must be displayed in any copy, derivative work or partial copy which includes the elements in question. 

All copyright, and all rights therein, are protected by national and international copyright laws. The above represents a summary only. For further information please read Frontiers’ Conditions for Website Use and Copyright Statement, and the applicable CC-BY licence.



ISSN 1664-8714
ISBN 978-2-83250-963-0
DOI 10.3389/978-2-83250-963-0

About Frontiers

Frontiers is more than just an open access publisher of scholarly articles: it is a pioneering approach to the world of academia, radically improving the way scholarly research is managed. The grand vision of Frontiers is a world where all people have an equal opportunity to seek, share and generate knowledge. Frontiers provides immediate and permanent online open access to all its publications, but this alone is not enough to realize our grand goals.

Frontiers journal series

The Frontiers journal series is a multi-tier and interdisciplinary set of open-access, online journals, promising a paradigm shift from the current review, selection and dissemination processes in academic publishing. All Frontiers journals are driven by researchers for researchers; therefore, they constitute a service to the scholarly community. At the same time, the Frontiers journal series operates on a revolutionary invention, the tiered publishing system, initially addressing specific communities of scholars, and gradually climbing up to broader public understanding, thus serving the interests of the lay society, too.

Dedication to quality

Each Frontiers article is a landmark of the highest quality, thanks to genuinely collaborative interactions between authors and review editors, who include some of the world’s best academicians. Research must be certified by peers before entering a stream of knowledge that may eventually reach the public - and shape society; therefore, Frontiers only applies the most rigorous and unbiased reviews. Frontiers revolutionizes research publishing by freely delivering the most outstanding research, evaluated with no bias from both the academic and social point of view. By applying the most advanced information technologies, Frontiers is catapulting scholarly publishing into a new generation.

What are Frontiers Research Topics? 

Frontiers Research Topics are very popular trademarks of the Frontiers journals series: they are collections of at least ten articles, all centered on a particular subject. With their unique mix of varied contributions from Original Research to Review Articles, Frontiers Research Topics unify the most influential researchers, the latest key findings and historical advances in a hot research area.


Find out more on how to host your own Frontiers Research Topic or contribute to one as an author by contacting the Frontiers editorial office: frontiersin.org/about/contact





Weather and climate extremes in the urban environment: Modeling and observations

Topic editors

Chenghao Wang – University of Oklahoma, United States

Ashish Sharma – University of Illinois at Urbana-Champaign, United States

Quang-Van Doan – University of Tsukuba, Japan

V. Vinoj – Indian Institute of Technology Bhubaneswar, India

Zhaowu Yu – Fudan University, China

Citation

Wang, C., Sharma, A., Doan, Q.-V., Vinoj, V., Yu, Z., eds. (2022). Weather and climate extremes in the urban environment: Modeling and observations. Lausanne: Frontiers Media SA. doi: 10.3389/978-2-83250-963-0





Table of Contents




Climate-Related Development Finance, Energy Structure Transformation and Carbon Emissions Reduction: An Analysis From the Perspective of Developing Countries

Nan Li, Beibei Shi, Lei Wu, Rong Kang and Qiang Gao

Formulating Operational Mitigation Options and Examining Intra-Urban Social Inequality Using Evidence-Based Urban Warming Effects

Yuanhui Zhu, Soe W. Myint, Danica Schaffer-Smith, Rebecca L. Muenich, Daoqin Tong and Yubin Li

Future Changes of Summer Heat Waves Over Urban Agglomerations in Eastern China Under 1.5°C and 2.0°C Global Warming

Hongyun Ma, Ying Wang and Zhaohui Lin

Do Electric Vehicles Mitigate Urban Heat? The Case of a Tropical City

Gianluca Mussetti, Edouard L. Davin, Jonas Schwaab, Juan A. Acero, Jordan Ivanchev, Vivek Kumar Singh, Luxi Jin and Sonia I. Seneviratne

Integrating Ecosystems and Socioeconomic Systems to Identify Ecological Security Pattern and Restoration Strategy in a Rapidly Urbanizing Landscape

Jieqi Tan, Hui Li and Wei Lin

A Synoptic Framework for Forecasting the Urban Rainfall Effect Using Composite and K-Means Cluster Analyses

Jordan McLeod and Marshall Shepherd

Analyzing the Spatial Distribution of LST and Its Relationship With Underlying Surfaces in Different Months by Classification and Intersection

Xiao Wei and Xiao-Jun Wang

Influence of Multi-Scale Meteorological Processes on PM2.5 Pollution in Wuhan, Central China

Yucong Miao, Xinxuan Zhang, Huizheng Che and Shuhua Liu

Understanding Growth-Induced Trends in Local Climate Zones, Land Surface Temperature, and Extreme Temperature Events in a Rapidly Growing City: A Case of Bulawayo Metropolitan City in Zimbabwe

Terence Darlington Mushore, Onisimo Mutanga and John Odindi

Evaluating the Cooling Performance of Green Roofs Under Extreme Heat Conditions

Ye Feng, Jia Wang, Weiqi Zhou, Xiaoma Li and Xiaoying Yu



		ORIGINAL RESEARCH
published: 10 January 2022
doi: 10.3389/fenvs.2021.778254


[image: image2]
Climate-Related Development Finance, Energy Structure Transformation and Carbon Emissions Reduction: An Analysis From the Perspective of Developing Countries
Nan Li1, Beibei Shi1,2*, Lei Wu1, Rong Kang1,2 and Qiang Gao3
1School of Economics and Management, Northwest University, Xi’an, China
2Shaanxi Key Laboratory for Carbon Neutral Technology, Xi’an, China
3School of Economics and Finance, Xi’an Jiaotong University, Xi’an, China
Edited by:
Chenghao Wang, Stanford University, United States
Reviewed by:
Yun Lin, University of California, Los Angeles, United States
Jarko Fidrmuc, Zeppelin University, Germany
Guangqin Li, Anhui University of Finance and Economics, China
* Correspondence: Beibei Shi, shibeibei@nwu.edu.cn
Specialty section: This article was submitted to Atmosphere and Climate, a section of the journal Frontiers in Environmental Science
Received: 16 September 2021
Accepted: 20 December 2021
Published: 10 January 2022
Citation: Li N, Shi B, Wu L, Kang R and Gao Q (2022) Climate-Related Development Finance, Energy Structure Transformation and Carbon Emissions Reduction: An Analysis From the Perspective of Developing Countries. Front. Environ. Sci. 9:778254. doi: 10.3389/fenvs.2021.778254

With the frequent occurrence of extreme weather in cities, economic, ecological and social activities have been greatly impacted. The adverse effects of global extreme climate and effective governance have attracted more and more attention of scholars. Considering the differences between developed and developing countries in climate response capacity, a key issue is how to encourage developed countries to provide adequate assistance to developing countries and enhance their enthusiasm to participate in addressing climate change challenges. Given this background, we evaluated the carbon emission reduction effects of developing countries before and after a “quasi-natural experiment” which involved obtaining the assistance of climate-related funding from developed countries. Specifically, we analyzed the assistance behavior for recipient countries and found that climate assistance can effectively reduce the carbon emissions level of recipient countries, and this result has a better impact on non-island types and countries with higher levels of economic development. Furthermore, the achievement of this carbon emissions reduction target stems from the fact that climate assistance has promoted the optimization of the energy structure of recipient countries and promoted the substitution of renewable energy for coal consumption. In addition, climate-related development finance plays a significant role in promoting the scientific and technological level of recipient countries, especially the development impact of the adaptive climate-related development finance. Therefore, this paper suggests that the direction of climate assistance should focus more on island countries and countries with low economic development level, and pay more attention to the “coal withdrawal” of recipient countries and climate adaptation field.
Keywords: climate-related development finance, energy structure transformation, renewable energy development, developing countries, carbon emissions
INTRODUCTION
With the continuous increase of greenhouse gas emissions, greenhouse gas emissions represented by carbon emissions have gradually attracted the attention of scholars. Since 1960, global total carbon emissions and carbon emissions per capita have shown an upward trend, especially the former, showing continuity and rapidity. As shown in Figure 1. It can be seen that the climate problem is becoming more and more serious. Severe climate problems lead to frequent extreme weather and climate in the urban environment. Drought, flood and heat wave seriously threaten the economic development and ecological protection of the city. According to the report of the Food and Agriculture Organization of the United Nations (FAO) in 2021, food prices around the world have risen for 12 consecutive months, reaching the highest level in 10 years. And drought is one of the important reasons for this food crisis. In July 2021, Henan Province, China continued to experience extreme heavy rainfall. Zhengzhou, the provincial capital, suffered a severe rainstorm. The rainfall exceeded the historical extreme value. The rainstorm killed more than 300 people and the economic loss was difficult to measure. The fifth report issued by the Intergovernmental Panel on Climate Change (IPCC) concluded that since 1950, the number of land-based heavy rainfall events may have increased rather than decreased in more parts of the world (>66% probability). From a global perspective, with the increase of extreme rainfall, more noteworthy phenomena are the frequent occurrence of extreme weather such as drought and high temperature, which together pose a severe challenge to global climate governance.
[image: Figure 1]FIGURE 1 | Current status of global carbon emissions. Data source: Wind database (https://www.wind.com.cn/).
Under the background of intensified climate change, Glasgow climate conference was held in November 2021, which is of great significance for promoting countries to increase the intensity and speed of emissions reduction and strengthening the cooperation between developed and developing countries so as to jointly advance the process of climate governance. The 2018 Nobel Prize in economics was awarded to William Nordhaus, a researcher in the field of climate change, which also reflects the urgency of raising global attention to climate governance. The disastrous impact of global climate change has introduced unprecedented challenges to human survival. Climate change increases the risk of extreme weather and natural disasters (Li et al., 2017; Pour et al., 2020; Sarkodie and Strezov, 2018), which is a great threat to the development of biodiversity and the maintenance of ecosystem balance. There is no doubt that human development needs to be based on the existence of natural sustainability. However, the abnormal climate phenomena caused by human economic activities directly threaten the operation of natural systems. When the global climate change exceeds a certain critical threshold, the natural basis for human survival may be completely destroyed. Without a stable ecosystem, there is no way for human economic development. Besides the impact on nature, abnormal climate change caused by human activities also affects human activities in turn. Some studies show that it has different degrees of impact on agriculture, tourism, and other industries in various countries (Vernon, 2006; Andric et al., 2019; Arsum et al., 2020).
In view of this situation, attracting more countries to actively participate in the process of climate governance is the key to promoting the solution of global climate problems. As an important part of the world, the role of developing countries could not be ignored. From an economic perspective, developing countries have become major participants in the global economy (Kovačević, 2004). With the economic growth of developing countries, their export and import capacity are expanding (Rondinelli and Kasarda, 1992). Due to the needs of economic development, greenhouse gas emissions in developing countries will show an upward trend in the future (Halsnæs, 1996). From the perspective of energy use, with the development of population and economy, the global demand for energy will continue to increase in the future, and most of this growth will occur in developing countries. The share of energy consumption in these countries will increase from 46 to 58% between 2004 and 2040 (Keho, 2016). It can be seen that the impact of economic development and energy use on global climate change is also increasing in developing countries. However, as an economy with a low degree of economic development, it is greatly restricted by capital and technology in promoting its own climate governance process.
The excessive emission of greenhouse gases represented by carbon emissions is an important reason for the current serious climate problems, and the massive use of fossil energy is the key to excessive carbon emissions (Rehman et al., 2019; Shi et al., 2021; Li et al., 2021). For developing countries, energy subsidies are a common phenomenon (Kosmo, 1989), especially fossil fuel subsidies, which are huge and extensive (McCulloch et al., 2021). According to the International Energy Agency (IEA), fossil fuels receive more than four times as much cash support as renewable energy (Yau and Chen, 2021). Excessive subsidies to fossil energy may distort its price, resulting in inefficient energy use and wasteful consumption (Ouyang and Lin, 2014). Therefore, through the above analysis, it can be considered that the economic development of developing countries still relies heavily on fossil energy such as coal. Under this background, if developing countries want to smoothly promote their own climate governance process, they need to focus on the transformation of energy structure. In order to achieve this goal, it needs to reduce the dependence of economic development on coal, improve energy efficiency and actively develop renewable energy, and on this basis, improve the substitution degree of the latter to the former, which needs to be supported by a large amount of capital and a high level of technology. For developing countries, these two elements are precisely the most scarce.
Facing the severe challenge of climate change, all countries in the world have the responsibility and obligation to devote themselves to the process of climate governance. Due to historical reasons, developed countries should shoulder more responsibilities for world climate change. Facing the urgent situation of coping with climate change, the all-round support and guidance of developed countries is of positive significance to promote the process of global climate governance, especially to improve the enthusiasm of developing countries to participate in climate governance. The support of developed countries for climate-related development finance of developing countries is an important way to solve the financing gap of climate governance of the latter, which makes it possible for developing countries to explore diversified carbon emissions reduction paths.
Since 2000, the amount of climate-related development finance from developed countries has shown a rapid upward trend. By 2017, it has exceeded 56 billion US dollars, and the number of developing countries assisted has also shown an increasing trend. By 2017, more than 140 countries have benefited from the climate-related development finance, indicating that more and more countries have been actively guided into the process of climate governance. It can be seen that the positive climate assistance behavior of developed countries helps to mobilize the enthusiasm of more developing countries for climate governance. The specific results are shown in Figure 2.
[image: Figure 2]FIGURE 2 | Trends in the number and amount of developing countries supported by climate-related development finance. Data source: official website of Organization for Economic Co-operation and Development (OECD) (https://www.oecd.org/).
Under this background, has climate-related development finance effectively played its role in reducing the carbon emissions level of recipient countries? Will this result be heterogeneous due to the different urgency of coping with climate change and countries with economic fragility, that is to say, does climate assistance focus on the countries that are in urgent need and priority need help? Furthermore, will the promotion of climate assistance optimize the energy structure of recipient countries, and thus have a certain radiative impact on changes in their carbon emissions? In addition, the impact of different types of climate-related development finance and the development status of different recipient sectors are the focus of this article.
Through research in this article, it is found that climate assistance can effectively reduce the carbon emissions level of recipient countries, and this result has a better impact on non-island types and countries with higher levels of economic development. Furthermore, the achievement of this carbon emissions reduction target stems from the fact that climate assistance has promoted the optimization of the energy structure of recipient countries and promoted the substitution of renewable energy for coal consumption. In addition, climate-related development finance plays a significant role in promoting the scientific and technological level of recipient countries, especially the development impact of the adaptive climate-related development finance, which lays a foundation for the development of renewable energy. Furthermore, climate financing mainly focuses on environmental related fields such as transportation, energy and education, indicating that there is no deviation in the inflow of specific sectors.
At present, the research on climate assistance mainly focuses on acquisition, management, and distribution of climate-related funding, and there is little discussion on the impact of “South-North cooperation” climate governance model on carbon emissions reduction from the perspective of cooperation between developed and developing countries. Climate-related development finance in developed countries is an important force to promote global climate governance. Therefore, there is still a gap in the research focusing on climate assistance from developed countries to developing countries from the global level. Based on this, the marginal contributions of this study include the following: 1) from the global level, scientifically evaluate the carbon emissions reduction effect brought by climate assistance from developed countries to developing countries, and fill the research gap of “South-North cooperation” climate governance model on a global scale from a macro perspective. 2) This paper takes the total carbon emissions equivalent value of greenhouse gas emissions as the research object, expands the scope of the research object, corrects the previous research only taking carbon dioxide emissions as the unique index, and improves the accuracy of policy effect evaluation. Meanwhile, differences-in-differences method (DID) is used to study the subject of this paper, which could better eliminate the impact of other factors on the research object, and then accurately identify the “net effect” of the target policy to ensure the scientificity of the research. 3) Starting from the energy structure, especially the development of renewable energy, this paper deeply analyzes the internal transmission path of the impact of climate assistance on carbon emissions reduction in recipient countries, and supplements the analysis from the perspective of energy structure transformation. In addition, the impact analysis of different types of climate-related development finance also enriches the research content related to climate assistance.
The remainder of this paper is arranged as follows: Section 2 introduces the literature review. Section 3 includes the research methodology and data. Section 4 presents the empirical results and discussion. Section 5 presents the impact mechanism test. Section 6 presents further discussions, and finally, conclusions are drawn in Section 7.
LITERATURE REVIEW
Whether climate-related development finance could effectively reduce the carbon emissions level of developing countries receiving assistance is the focus of this paper. Based on this theme, this paper combs the research in related fields, mainly from the perspectives of research related to climate financing and ways of carbon emissions reduction. First, in terms of climate financing, funding to protect the environment and mitigate climate change had been relatively scarce for many years in developing countries (Ferraro and Pattanayak, 2006; Syed, 2019; Zhang, 2016), and certain industries greatly affected by climate change, such as fisheries, have lacked strong financial support (Guggisberg, 2019). Studies have indicated that the gap in climate adaptation financing is increasing, and whether climate adaptation financing has been appropriately managed and delivered is worth discussing (Khan et al., 2020). At the same time, the questions of how to make more effective use of existing adaptation funds and promote more adaptive investment have become key issues (Xu and Liu, 2018; Sam, 2014; Ornsaran et al., 2020). In recent years, the various financial programs supporting climate action and sustainable development have been expanding. Climate-related funds, such as the Global Environment Facility (GEF), the Green Climate Fund (GCF), and the World Bank BioCarbon Fund, differ in their size, funding type, and funding duration (Clark et al., 2018). To broaden the channels of climate financing, researchers proposed that more climate financing needs could be met by improving the climate financing within and among developing countries (south–south climate financing) (Ha et al., 2016; Ye, 2014; Dumisani, 2016). Private sector involvement can also expand the scale of climate financing (Stein et al., 2010) to supplement the lack of governmental environmental protection (Sudmant et al., 2017; Clark et al., 2018; Vandenbergh, 2018). In view of this, although the current scale and demand of climate financing cannot fully address the problem, the overall scale of climate financing is on the rise (Chen et al., 2019b).
As far as the management of climate financing is concerned, at present, global climate-related funding is still in a relatively developmental state (Pickering et al., 2017). Through research, some scholars proposed that international development and cooperation agencies should jointly manage climate-related funds, and should try to resolve any differences in the assistance objectives of the funds (Brunner and Enting, 2014; Pickering et al., 2015). For aid projects, a sound and mandatory data system should be established to track the climate-related funds of developed countries, to help developing countries cope with evolving climate change commitments, and to facilitate the verification of international climate assistance commitments (Simon et al., 2016).
Regarding the allocation of climate financing, the directional flow of climate-related funding is not only related to the economic and geographical distribution (Román et al., 2016) but also to political factors (Purdon, 2017; Geddes et al., 2020) and the strategic economic considerations of donor countries (Román et al., 2019). Developed countries from different regions have different methods of allocating climate-related funding to developing countries. In general, countries that are more vulnerable to climate change are eligible for more assistance (Betzold and Weiler, 2017; Scandurra et al., 2020); however, European countries are more concerned about the business partners they engage with and therefore prefer to allocate their climate-related funding to specific recipient countries, while the US and Japan allocate their climate aid funds through different projects Scandurra et al., 2017).
In addition, scholars have explored the specific factors influencing climate financing. The driving forces of international financing in developed countries has also been discussed, and the majority of countries are mainly influenced by their material interests (Urpelainen, 2012; Weikmans and Zaccai, 2017). Others argued that, if the promotion of green climate-related funding continues to play an active role in the global climate finance system, China should play the role of a bridge between the developed and developing countries. Guiding green climate-related fund voting reforms to eliminate political factors will help to lessen the negative impact of long-term development (Chen et al., 2019a).
Second, the discussion on the ways of carbon emissions reduction focuses more on the improvement of the carbon emissions trading market. Some scholars first analyzed the factors affecting carbon emission reduction, and believed that the efficiency of the emission reductions is closely related to the economic scale, economic structure, energy utilization efficiency, and energy structure of an economy (Xu and Song, 2010; Sun and Zhang, 2014; Hargrove et al., 2019). In regard to governance measures, emission trading systems (ETS) are a powerful tool to achieve carbon emission reductions (Zhang et al., 2020). An ETS regulates carbon emission activities through market means, improving the enthusiasm of enterprises to reduce emissions, and thus achieving the carbon emission reduction targets (Dong et al., 2019; Song and Xia, 2019). Due to the earlier emergence of a carbon emission trading market in the EU (European Union), Australia, and other regions or countries, scholars have authored a great deal of theoretical analyses and experience summaries on the mode of operations in existing markets (Qi and Wang, 2013; Liang and Cao, 2015). In addition, the market operation efficiency generated by a carbon quota allocation method was further compared and analyzed to provide theoretical support and an experience summary for the practical operation of the carbon market (Hu et al., 2018).
Through the review of literature, we can see that the current analysis of climate-related development finance mainly focuses on acquisition, management and distribution, while the research on the realization path of carbon emissions reduction mainly focuses on the improvement of market model. However, there is still a research gap on the impact of climate financing on carbon emissions reduction, especially on the impact of the model represented by climate assistance from developed countries on developing countries at the global level. On the one hand, the lack of this research will bias the scientific and comprehensive assessment of climate assistance, which may hinder the further promotion and improvement of climate assistance. On the other hand, the lack of this research will limit the discussion of the diversification of carbon emissions reduction approaches. Based on this, starting from the climate-related development finance behavior of developed countries, this paper attempts to evaluate the impact of climate-related development finance on carbon emissions changes in developing countries to provide experience reference for improving the current climate assistance policies and promoting the exploration of diversified carbon emissions reduction methods in developing countries.
RESEARCH METHODOLOGY AND DATA
Methodology
In order to test the environmental impact of developed countries’ climate assistance to developing countries, this paper selects total greenhouse gas emissions of carbon dioxide equivalent and energy consumption emissions of carbon dioxide equivalent of countries as a climate environmental indicator from 1990 to 2017. It also analyzes the climate-related development finance assistance behavior of developed countries to developing countries since 2000, which was published by the OECD as a quasi-natural experiment, and utilizes the DID (differences-in-differences) method to identify the causal effect. From the perspective of recipient countries, this paper regards developing countries (regions) receiving aid as intervention groups, and other developing countries (regions) not receiving aid as control groups. By comparing the samples in the intervention groups and control groups, we can evaluate the net effect of the “South-North cooperation” aid behavior. The specific model is set as follows:
[image: image]
In the formula above, [image: image] refers to total greenhouse gas emissions thousand tons of carbon dioxide equivalent ([image: image] and energy consumption emissions thousand tons of carbon dioxide equivalent ([image: image]) in each country and region. [image: image] indicates whether country i is a recipient target in year t. This paper defines it by setting a dummy variable. If a country has received climate-related development finance, it is assigned a value of 1, which is regarded as an treatment group. Otherwise it is 0, and is regarded as a non-treatment group (control group). This definition could distinguish recipient countries from non-recipient countries, and lay a foundation for setting treatment group and non-treatment group, so as to meet the application conditions of DID method. The treatment group is the object affected by the policy, and the non-treatment group is the object not affected by the policy. Through the DID method, that is, after two differences between the treatment group and the non-treatment group, the “net effect” of policy implementation could be effectively identified, so that the policy could be evaluated more scientifically. Control refers to controlling other factors that may affect carbon emissions, while [image: image] refers to the national fixed effect, [image: image] refers to the time fixed effect [image: image] refers to the random factors involved. [image: image] is our major concern here.
In order to further analyze the internal reasons for the positive impact of climate assistance on carbon emissions reduction, this paper discusses the transmission mechanism by analyzing the relationship between climate assistance and energy structure change from the perspective of energy structure. The specific model is constructed as follows:
[image: image]
[image: image]
[image: image]
Among them, formula (2) represents the impact of climate assistance on energy changes in recipient countries. [image: image] represents proportion of coal power generation in total power generation ([image: image] and renewable energy power generation ([image: image]. Formula (3) shows the impact of renewable energy development on coal power consumption in developing countries, which can reflect the degree of substitution of the former for the latter. Formula (4) shows the impact of renewable energy development in developing countries on coal power consumption under the background of climate assistance.
In order to ensure the comprehensiveness of the regression results, the significance level of the results is also reported here. This paper uses t test for analysis. In addition, to make the research results more logical, this paper presents the subsequent research procedure in the form of a diagram. The specific results are shown in Figure 3.
[image: Figure 3]FIGURE 3 | Research procedure.
Variable and Data Source Descriptions
Explained variable: the total greenhouse gas carbon emissions equivalent value ([image: image]), energy consumption carbon emissions equivalent value ([image: image]). The above two variables are measured by carbon emissions level, and the unit is thousand tons of carbon dioxide equivalent. The reason why the total greenhouse gas carbon emissions equivalent value is selected as the research object is that non carbon dioxide emissions may distort the results of climate change policies. Limiting carbon dioxide emissions in climate change policy analysis will greatly underestimate the actual impact of policies. Therefore, it is necessary to take non-carbon dioxide emissions as the research object (Nong et al., 2021). In addition, because the total carbon emissions can’t fully reflect a country’s contribution to carbon emissions reduction, this paper makes a supplementary analysis from carbon emissions per capita and carbon emissions per unit of GDP in benchmark regression.
Core explanatory variables: In this paper, we select the climate assistance behavior in 2000 as the core explanatory variable, and the value of the countries receiving assistance is 11, otherwise it is 0. In addition, the amount of climate-related development finance, the amount of a climate-related development finance with adaptation (adapt), and the amount of a climate-related development finance with mitigation (mitigate) are also regarded as the core explanatory variables in the subsequent test.
Control variable: Considering the great influence of economic factors on carbon emissions, this paper mainly identifies and controls carbon emissions from the perspectives of economic development, consumption, and investment and trade activities, respectively, using GDP (GDP) (Wang, 2011) and its square (GDP2) (Acaravci and Ozturk, 2010), household consumption expenditure (priconsum) (Nonhebel and Moll, 2008), government consumption expenditure (pubconsum), total capital (grosscapital), fixed capital (grossfixedcapit), as well as export (export) and import (import) (Ferdousi and Qamruzzaman, 2017) to express the correlation. In addition, this paper believes that the degree of urbanization has a direct impact on regional energy consumption (Liu, 2009). Therefore, this paper uses the proportion of urban population in the total population to measure the degree of urbanization (urban) and adds it into the control variables.
This paper addresses developing countries, and the original data of climate-related development finance comes from the open database of the OECD2. The data related to carbon emissions are mainly from Wind database. The data of proportion of coal power generation in total and renewable energy power production capacity are mainly from the World Bank (WB). The rest of the data comes from the public data collected by the United Nations Statistics Division (UNSD). In this study, all the variables involved were analyzed using descriptive statistics. The mean of a variable represents the average level of all countries under this variable, and standard deviation represents dispersion degree of data of all countries under this variable. Since many variables need to be placed in the same model for analysis, a large numerical gap between variables may impact the stability of regression results. The mean value in a reasonable range shows that the relationship between variables is stable, which is conducive to improving the scientificity of regression results. Standard deviation in a reasonable range indicates that there is no abnormal value and the data is reliable. It can be seen that the values of all the variables were in a reasonable range, which shows that the variables selected in this study were effective. The specific results are shown in Table 1.
TABLE 1 | Descriptive statistical analysis of major variables.
[image: Table 1]EMPIRICAL RESULTS AND DISCUSSION
Impact of Climate-Related Development Finance Behavior on Carbon Emissions: DID Estimates
This paper estimated model (1) to evaluate the effect of the assistance behavior of climate-related funding on the carbon emissions of recipients. The results are shown in Table 2. As can be seen from columns (1)—(2), the assistance behavior of climate-related development finance had an inhibitory effect on the total greenhouse gas carbon emissions equivalent value and energy consumption carbon emissions equivalent value of recipient countries, and above results passed the 1% significance level test (the p-values here are all 0.002), respectively. Specifically, there was a unit of assistance behavior of climate-related development finance, the total greenhouse gas carbon emissions equivalent value in recipient countries will be reduced by 68%, while energy consumption carbon emissions equivalent value will be reduced by 60%. This shows that assistance behavior of climate-related development finance can effectively reduce the carbon emissions level of recipient countries and improve their climate governance status. Because the total carbon emissions can’t fully reflect a country’s contribution to carbon emission reduction, this paper makes a supplementary analysis from carbon emissions per capita and carbon emissions per unit of GDP. The specific results are listed in column (3)—(6). It can be seen that climate assistance behavior also helps to reduce carbon emissions per capita and carbon emissions per unit of GDP in recipient countries, which demonstrates that the climate assistance behavior of developed countries to developing countries is effective in reducing local carbon emissions.
TABLE 2 | The impact of the assistance behavior of climate-related development finance on carbon emissions of recipient countries.
[image: Table 2]The reason for this result may be that the economic development level of developing countries is generally low and their financial strength is weak, particularly given the limited financial support for addressing the challenges of climate change. The financial support provided by developed countries eliminates, to some extent, the financing gap of climate finance in developing countries. This provides more opportunities for exploring feasible ways to reduce carbon dioxide and, thus, directly promotes the realization of carbon emission reduction in these countries. Additional data analysis revealed that the number of developing countries receiving assistance expanded from 93 in 2000 to 145 in 2017, and the support for climate-related development finance for developing countries increased from 398 million dollars in 2000 to 56 billion dollars in 2017. This demonstrates that it is the support of external capital inflow that promotes the realization of carbon emission reduction effects in developing countries.
It is necessary for developed countries to provide climate assistance to developing countries. Most developing countries mainly rely on the development of fossil energy such as coal to promote economic development (Akram et al., 2020). This model of sacrificing the environment for economic growth is an important reason that restricts them to achieving good results in climate governance. Therefore, promoting the process of climate assistance to developing countries can provide them with sufficient funds from the outside, so that the funds can flow into the fields of environmental governance, renewable energy development, education and scientific research, fundamentally change their economic development model, and then achieve sustainable development. In addition, climate governance is a problem that all countries in the world need to face. Therefore, climate assistance from developed countries to developing countries is a new attempt to jointly address the challenge of climate change, which is conducive to give full play to the financial and technological advantages of developed countries, and mobilize more developing countries to participate in the process of climate governance, so as to promote the faster realization of the global carbon emission reduction target. Therefore, assistance of climate-related fund is necessary and effective at present.
Heterogeneity Analysis of the Impact of the Assistance Behavior of Climate-Related Development Finance on Carbon Emissions
Heterogeneity analysis of island countries and non-island countries. The essence of developed countries’ assistance behavior in regard to climate-related development finance to developing countries is that they help developing countries jointly cope with the challenges brought about by climate change. Thoughtful analysis shows that the assistance behavior of climate-related development finance effectively reduced carbon emissions in developing countries, but whether this effectiveness fully meets the needs of developing countries requires further discussion. Based on this, this paper divides developing countries into island countries and non-island countries for analysis. The reason why developing countries are divided into island countries and non-island countries here is that this paper attempts to discuss whether climate assistance focuses on such countries threatened by sea-level rise, that is, island countries. Under the influence of climate change, island countries are more vulnerable to the threat of sea level rise and food crisis (Organization, 2008; Bijay et al., 2013). Therefore, from the theoretical perspective, climate assistance should focus more on such countries to help them improve their ability to deal with climate change. The island countries here are mainly composed of Small Island Developing States (SIDS) and other island countries.3
Through the comparison, the results (see Table 3) show that compared with island countries, assistance behavior of climate-related development finance had a positive impact on carbon emissions reduction of non-island countries. There was one unit of assistance behavior of climate-related development finance, and the total carbon dioxide equivalent of greenhouse gas emissions in non-island countries will be reduced by 87%, while energy consumption carbon emissions equivalent value will be reduced by 83%. And the above results passed the 1% significance level test (the p-values here are 0.004 and 0.003, respectively). Assistance behavior of climate-related development finance also had an inhibitory effect on the carbon emissions reduction of island countries, but the effect is not significant, indicating that the climate governance effect of island countries that are more urgent to deal with the challenge of climate change is not ideal under the background of climate assistance. This result also reflects that climate assistance should focus on island countries more affected by climate change in the future, that is, there is a deviation in the current direction of climate assistance behavior. The foresight report on small island developing States issued by the United Nations Environment Programme (UNEP) in 2014 pointed out that with global warming and the increase in the scale and frequency of natural disasters, 52 small island countries around the world face trillions of dollars of economic losses every year. Extreme climate promotes the rise of sea level, which directly increases the threat of flood and coastal erosion to urban tourism and the damage to infrastructure. The deviation of climate-related development finance direction to island countries makes such countries more passive in climate governance.
TABLE 3 | The impact of assistance behavior of climate-related development finance on carbon emissions of recipient countries under different climate vulnerabilities.
[image: Table 3]This paper combs the island countries and non-island countries involved, and finds that in terms of quantity, the number of island countries is 54, while the number of non-island countries is 119. This makes it easier for climate finance to focus on non-island countries. In addition, developed countries may have assistance preferences in the process of climate assistance, which is closely related to factors such as history, geopolitics, economic and trade relations. Due to relevant factors, island countries are generally not as concerned as other countries. Therefore, island countries may receive less attention in the climate-related development finance. This paper also combs the assistance financing and finds that the total amount of climate financing received by island countries was 38.96 billion dollars from 2000 to 2017. And the total amount of climate financing received by non-island countries was 308.75 billion dollars from 2000 to 2017. This also confirms the speculation that a larger number of non-island countries receive higher attention.
The positive impact of climate assistance on carbon emissions reduction of island countries is not significant. In order to make a more detailed analysis of the situation in the group of island countries and discuss the importance of climate-related development finance inflow, this paper takes island countries as the research object, and divides them into strong climate assistance island countries and weak climate assistance island countries according to the degree of assistance amount to analyze the carbon emissions reduction effect of climate assistance. Through the analysis, it is found that climate assistance has a more significant impact on the carbon emissions reduction effect of island countries receiving more assistance. The results of total carbon emission and energy carbon emissions passed the significance level test of 5 and 10% respectively (p-values are 0.040 and 0.053, respectively). However, climate assistance has no positive effect on carbon emissions reduction in island countries with less assistance. Therefore, it can be considered that within the group of island countries, the inflow of assistance funds is indeed an important factor affecting the realization of the carbon emissions reduction targets of island countries, so it is necessary to increase the support for climate assistance to island countries. The specific results are shown in Supplementary Appendix Table A1 of the appendix.
The purpose of climate assistance is to help developing countries in need of better climate governance. Facing the threat of climate change, island countries are more affected by the impact of sea level rise, food crisis and extreme weather on domestic economic development. Therefore, the flow direction and assistance effect of climate assistance fund should focus more on such countries. At present, the effect of climate assistance to island countries is not ideal. On the one hand, it shows that the flow of assistance funds is not inclined to the focus of such countries. On the other hand, it also shows that island countries need more investment in climate governance to produce the target effect. Study has shown that climate-related development finance flowing to developing countries accounts for only 4% of the reported total (Donner et al., 2016), which could be inferred that less funds flow to island countries. Therefore, it is worth discussing whether the direction of climate assistance needs to be adjusted in the future.
Heterogeneity analysis under different economic development levels. The differences in the economic development levels among countries indicate the different needs for aid recipients. Countries with low economic development levels may require more attention and assistance coping with the series of challenges related to climate change. Assistance is an important component of financing for such countries (Bourguignon and Platteau, 2021). Based on this, and in accordance with the list of the least developed countries released by the United Nations in 2014, this paper categorized developing countries into countries with a high degree of economic development and countries with a low degree of economic development,4 and then evaluated the assistance effect of recipient countries with different levels of economic development. The specific results are in Table 4.
TABLE 4 | The influence of assistance behavior of climate-related development finance on carbon emissions of recipient countries under different levels of economic development.
[image: Table 4]It can be seen that compared with countries with low economic development level, climate assistance behavior had a significant inhibitory effect on carbon emissions of countries with high economic development level. Specifically, there was one unit of assistance behavior of climate-related development finance, and the total carbon dioxide equivalent of greenhouse gas emissions in countries with high economic development level will be reduced by 81%, while the carbon dioxide equivalent of energy consumption will be reduced by 70%. And the above results passed the 1% significance level test (the p-values here are all 0.001). However, the effect of climate assistance behavior on carbon emissions reduction in low economic development countries is not ideal. This result shows that climate-related development finance mainly flow to countries with high levels of economic development and insufficient investment in countries with low levels of economic development, indicating that the current direction of climate assistance has deviated. For countries with low economic development level, their coping ability is weak in the face of extreme weather and climate. In 2016, the World bank issued a relevant report pointing out that poverty makes relevant regions unable to resist natural disasters, and at the same time, the emergence of extreme climate will in turn exacerbate the problem of global poverty. It can be seen that it is necessary to pay attention to climate assistance to countries with low economic development level.
As the number of low-economy developing countries in this paper is only 48, the rest are high-economy developing countries. It can be considered that in terms of quantity, developing countries with high economy are more likely to get attention. To confirm this prediction, this paper further analyzed the amount of assistance funds received by these two types of countries, and found that low-economic developing countries received a total of 72.20 billion dollars in climate assistance funds from 2000 to 2017, while high-economic developing countries received 273.41 billion dollars. It is the high economic developing countries that have received more climate funding and attention, so their carbon emissions reduction effect is more significant than that of low economic developing countries.
For countries with low economic development, it is easier to drive economic development by sacrificing the environment and using cheaper fuels such as coal. At the same time, due to the low level of economic development, the funds invested in the field of climate governance are also very limited. Therefore, the support of the climate-related development finance for the sustainable development of such countries needs to be greater. At present, the impact of climate assistance on carbon emissions reduction in countries with low economic development has not achieved positive results. It can be considered that the attention of climate-related development finance to such countries needs to be further improved, the existing direction of climate assistance should be adjusted, and the number of climate-related development finance for countries with low economic development should be increased, so as to improve the climate governance capacity of such economically vulnerable countries.
ANALYSIS ON THE RELATIONSHIP BETWEEN CLIMATE ASSISTANCE AND ENERGY STRUCTURE CHANGE
It can be seen from the above description that, the climate support behavior of developed countries significantly reduces the carbon dioxide emissions of developing countries. However, for developing countries, the way in which the climate-related development finance supports to achieve the carbon emission target needs further discussion. In other words, clarifying the intermediary transmission mechanism can contribute better grasping the focus and effects of climate-related fund in developing countries. This paper summarizes the specific sectors that have received the climate-related development finance, and found that the field of renewable energy power generation and non-renewable energy power generation is one of the key areas concerned by the climate-related development finance (renewable energy power generation and non-renewable energy power generation belong to transportation, energy and business services sectors), and the change of energy consumption has a great impact on carbon emissions. The success of a country’s energy structure transformation is directly related to the realization of carbon emission reduction targets. Therefore, this paper attempts to explore whether climate assistance helps to optimize the energy structure of developing countries from the perspective of the change of energy structure.
Here, the proportion of coal power generation in the total power generation represents the fossil energy consumption in developing countries, and the renewable energy power generation (excluding hydropower) represents the development of renewable energy in developing countries. As the level of urbanization has a direct impact on energy demand, this paper analyzes the impact of climate assistance on energy development by adding the level of urbanization into the control variables. It can be seen in Table 5 that columns (1)—(2) show the impact of climate assistance on the proportion of coal power generation in total power generation and renewable energy power generation in recipient countries. It can be seen that climate assistance behavior had not played an ideal effect in reducing fossil energy consumption of developing countries, but it promoted the development of renewable energy in developing countries and this result passed the 5% significance level test (the p-values here is 0.019).
TABLE 5 | Analysis on the relationship between climate assistance and energy structure change.
[image: Table 5]The reason for this result may be the price advantage of fossil energy and the impact of the development of technology to a certain extent. At present, developing countries mainly use fossil energy to promote economic development (Zhang et al., 2021), which has a large price advantage and market share. Therefore, coal consumption accounts for a large proportion in the development process (Zhang et al., 2018). Under this background, it will take a long time to achieve the “coal withdrawal” process and more external attention and investment are needed to promote the decline of coal consumption in developing countries. Further, with the economic development and the support of climate-related development finance for the development of many sectors, the scientific and technological level of developing countries has been further improved. For renewable energy, its development needs to be supported by capital (Wen et al., 2022) and technology. In this situation, renewable energy in recipient countries is bound to develop rapidly. The high dependence of recipient countries’ economic development on fossil energy has brought great challenges to their climate and environmental governance. The consumption of fossil energy dominated by coal is the source of urban air pollution and temperature rise. The frequent occurrence of extreme weather such as high temperature, heat wave and extreme precipitation in cities shows that climate governance is urgent. To fundamentally reverse this phenomenon, it is necessary to accelerate the reduction of developing countries’ dependence on fossil energy and vigorously promote the development of renewable energy.
Climate assistance has not achieved the desired effect on the decline of coal consumption in recipient countries, but has played a positive role in the development of renewable energy. Then, could the development of renewable energy help to reduce the proportion of coal consumption? In other words, it is worth discussing whether the development of renewable energy will play a catalytic role in the “coal withdrawal” process of recipient countries. Based on this, this paper further analyzes the impact of the development of renewable energy on the change of coal consumption in developing countries.
We can see from column (3) that the development of renewable energy helps to reduce the proportion of coal consumption. Specifically, the development of renewable energy will increase by 1 unit, and the proportion of coal power generation will decrease by 0.0383 units, and this results have passed the 10% significance level test (the p-value here is 0.071). In other words, the development of renewable energy has a significant substitution effect on coal. In this paper, the above relationship is tested again under the background of climate assistance. It is found that the development of renewable energy in recipient countries also has a positive substitution for coal under the background of climate assistance. In conclusion, it can be seen that climate assistance reduced carbon emissions by promoting the development of renewable energy in recipient countries and promoting the positive transformation of their energy structure on this basis. The specific results are shown in column (4).
From the above results, it can be seen that under the background of climate assistance, renewable energy in recipient countries has developed rapidly, which has a positive impact on promoting the transformation of energy structure. But it can’t be ignored that the process of “coal withdrawal” in recipient countries is still facing great challenges and pressure. In order to more clearly reflect the current situation of fossil energy consumption in developing countries, this paper sorts out the proportion of fossil energy consumption in the total energy consumption and the total consumption of hard coal in developing countries.
From the summary of this article, the average consumption proportion of fossil energy in developing countries shows a slow fluctuating upward trend, but the consumption proportion has declined in some years. From the numerical point of view, the proportion of fossil energy consumption exceeds 50%. From the total consumption of hard coal in developing countries, it can be seen that the consumption of hard coal has shown an upward trend since 2000, peaked in 2015, and then began to decline in 2016. To sum up, developing countries are still heavily dependent on fossil energy, but there is a trend and possibility to reduce fossil energy consumption. Therefore, under the climate assistance background, how to better promote the overall “coal withdrawal” process in developing countries and realize the greater substitution of renewable energy for fossil energy become the key to solve the problem of climate governance in developing countries. The specific results are shown in Supplementary Appendix Figure A1 and Supplementary Appendix Figure A2 of the appendix.
DISCUSSION
Impact of Climate-Related Development Finance on Science and Technology Development in Developing Countries
Climate assistance has a positive impact on the development of renewable energy in developing countries, so the way to achieve this result is worthy of in-depth discussion. As the development of renewable energy requires high technology, the level of science and technology could be regarded as the key to the development of renewable energy (Geng and Ji, 2016). And after sorting out the key areas of climate assistance, this paper found that climate-related development finance of developed countries pay special attention to the education field of developing countries (this field is included in department of education, health and infrastructure). Education is the basic support for a country’s scientific research and development, which helps to improve the quality of human capital and promote the realization of scientific and technological innovation (Dakhli and De, 2004; Wu, 2006; Xu et al., 2006). The inflow of climate-related development finance into the field of education can be regarded as support for the scientific and technological development of the recipient country. Therefore, the research on the current situation of science and technology development in recipient countries under climate assistance will help this paper further understand the reasons for the rapid development of renewable energy.
Based on this background, from the perspective of science and technology, this paper attempts to deeply explore the impact of climate-related development finance on the scientific and technological level of developing countries, so as to better identify the key factors promoting the positive transformation of energy structure. This paper selects the number of scientific researchers in developing countries as the proxy variable of scientific and technological level. In addition, because the impact of different types of climate-related development finance may be different, this paper analyzes the impact of the development of total climate-related development finance (totalfund), adaptive climate-related development finance (adapt) and mitigation climate-related development finance (mitigate) on technology development respectively. As shown in Table 6.
TABLE 6 | Impact of climate-related development finance on science and technology development in developing countries.
[image: Table 6]From columns (1)—(2), it can be seen that climate-related development finance helps to promote the increase of the number of scientific researchers in recipient countries, indicating that climate-related development finance has a positive impact on promoting the improvement of scientific and technological level of recipient countries (the p-values here are 0.013 and 0.065, respectively). Columns (3)—(6) show impact of the adaptation and mitigation climate-related development finance on the number of scientific researchers in the recipient country. Whether from the regression coefficient or significant results, the development of the adaptation climate-related development finance has a more positive impact on the increase of the number of scientific researchers in the recipient country (the p-values here are 0.034 and 0.095, respectively). In other words, compared with the mitigation climate-related development finance, the development of adaptive climate-related development finance plays a greater role in promoting the technological progress of recipient countries. In conclusion, the increase of climate-related development finance can indeed have a positive impact on the improvement of scientific and technological level in developing countries, and technological progress plays an important supporting role in the development of renewable energy. Therefore, it can be considered that the impact of climate assistance on renewable energy in developing countries is mainly achieved by promoting the improvement of local technological level.
It is necessary to promote inflow of climate-related development finance into field of education in developing countries, and the development of adaptive climate-related development finance is indispensable. To fundamentally promote the transformation of the economic development model of developing countries and gradually reduce their dependence on fossil energy dominated by coal, it needs to vigorously improve the utilization efficiency of energy (Sarkar and Singh, 2010) and the substitution of renewable energy, which all need to be based on the improvement of technical level. The sustainable development of cities needs to balance the relationship between economy and environment, and technological innovation is the key to achieve the balance between the two. On the premise of ensuring the level of economic development, the improvement of technical level can improve energy utilization efficiency, promote the reduction of fossil energy consumption, lay a technical foundation for the development of renewable energy, and finally achieve the goal of environmental protection. Therefore, to promote the improvement of urban climate and environment in developing countries and reduce the frequency of extreme weather, so as to maintain the sustainable development model, we need to fundamentally improve the technical level. The development of education can provide a strong foundation for the training of scientific researchers and the improvement of technical level in a country. Therefore, paying attention to the investment in education in developing countries and guiding the climate-related development finance to flow more into the field of education is the fundamental policy to promote the sustainable transformation and development of developing countries in the long term.
Through the above analysis, it can be seen that different types of climate-related development finance have different results in supporting local technology development. Compared with the mitigation climate-related development finance, the effect of the adaptive climate-related development finance is more significant. In view of this result, this paper makes a comparative analysis on the development trend of these two types of climate-related development finance, trying to clarify the relationship between this result and the development of assistance amount, that is, does the positive effect of adaptive climate assistance also mean that this type of assistance amount is higher? So as to clarify whether there is a deviation from the current assistance direction. The specific results are shown in Figure 4.
[image: Figure 4]FIGURE 4 | Development comparison of mitigation and adaptation climate-related development finance. Data source: official website of Organization for Economic Co-operation and Development (OECD) (https://www.oecd.org/).
It can be seen that the mitigation climate-related development finance has been paid attention to since 2000, and has shown a rapid upward trend. By 2017, the amount of assistance in this field has exceeded 38 billion US dollars. The development of adaptive climate assistance started late and the development speed is relatively slow. In 2017, the amount of assistance received in this field was about 23 billion dollars. Combined with the results in Table 6, it is not difficult to find that the field of adaptive climate has received less attention, but it has a better positive impact on the technological development of developing countries. Therefore, whether more attention needs to be paid to adaptive climate is worth discussing.
Analysis on the Impact of Different Types of Climate-Related Development Finance and Assistance Received by Different Sectors
In view of the large differences in the scale of climate-related development finance flowing into the two fields of climate adaptation and climate mitigation, this paper analyzes the carbon emission reduction results and the development impact of renewable energy brought by the two types of climate-related development finance, and tries to compare the effectiveness of the results brought by the current focus on the fields of climate adaptation and climate mitigation to better evaluate the development status of the two types of climate assistance. The specific results are shown in Table 7.
TABLE 7 | Impact of different types of climate-related development finance on changes in carbon emissions and renewable energy in recipient countries.
[image: Table 7]Columns (1)—(4) show the impact of these two types of climate-related development finance on carbon emissions of recipient countries. It can be seen that the development of these two types of climate-related development finance helps to reduce carbon emissions of recipient countries, but the emissions reduction effect brought by adaptive climate assistance is more significant, and the result passed the 10% significance level test (the p-values here are 0.073 and 0.065, respectively). From columns (5)—(6), it can be seen that these two types of climate-related development finance have a positive role in promoting the development of renewable energy in recipient countries (the p-values here are 0.000), but by comparing the regression coefficient, it is found that the promotion effect of adaptive climate assistance is better. Combined with Figure 4, this paper believes that under the background of more mitigation climate-related development finance, its impact on carbon emissions reduction and renewable energy development is not as good as that brought by the adaptation climate-related development finance. In the face of extreme weather in cities, it is particularly important to adapt to the climate. In order to cope with possible floods, the construction of urban coastline and the improvement of urban infrastructure are an important part of adapting to the climate. At the same time, in order to reduce the adverse effects of extreme drought, rational allocation of urban water and agricultural irrigation water is also a typical way to adapt to climate change. Better adaptation to the climate is conducive to the sustainable development of all cities. So the current attention to adaptive climate assistance should be further improved (Pauw, 2021).
The support of climate-related development finance is the basis for promoting climate governance and the development of specific recipient sectors in recipient countries. Therefore, it is very necessary to study the preference and direction of fund inflow. From the perspective of different types of climate assistance, we have carried out a detailed analysis of the trend of fund inflow and its impact on carbon emissions reduction. And does the fund have a certain preference and focus on the inflow of different sectors? Based on this, this paper analyzes the current focus of climate-related development finance on key sectors. Due to the large difference in the amount of climate assistance received by recipient departments, this paper presents it through two figures. The specific results are shown in Figure 5, Figure 6 and Figure 7.
[image: Figure 5]FIGURE 5 | Support of climate-related development finance for sectors I and II. Data source: official website of Organization for Economic Co-operation and Development (OECD) (https://www.oecd.org/).
[image: Figure 6]FIGURE 6 | Support of climate-related development finance for sectors III and IV. Data source: official website of Organization for Economic Co-operation and Development (OECD) (https://www.oecd.org/).
[image: Figure 7]FIGURE 7 | Support of climate-related development finance for sectors VI and VIII. Data source: official website of Organization for Economic Co-operation and Development (OECD) (https://www.oecd.org/).
Through comparison, it can be seen that the four sectors “Education, health and infrastructure,” “Transportation, energy and business services,” “Various industries” and “Environmental protection and others” receive more climate-related development finance, and the development of climate-related development finance is faster, especially the two sectors “Education, health and infrastructure” and “Transportation, energy and business services” receive more attention. The two sectors “Budget support and commodity aid” and “Emergency, post disaster construction and disaster prevention” received less attention. It can be seen that climate assistance is more focused on environmental related sectors at present, such as transportation and energy. Therefore, there is no deviation in the current direction of climate assistance in support of specific sectors.
CONCLUSION
Taking developing countries as the research object, this paper uses the differences-in- differences method (DID) to identify the causality of the impact of climate assistance behavior in developed countries on carbon emissions in developing countries. Through the research, it is found that climate assistance could significantly reduce the carbon emissions level of recipient countries, indicating that the promotion of climate assistance is necessary. First, this paper proves the conclusion that climate assistance behavior helps to reduce the carbon emissions level of recipient countries through DID method, that is to say, climate assistance behavior has been affirmed. Second, from the perspective of the quantity of climate financing, this paper further analyzes the carbon emissions reduction effects of the two types of climate financing to illustrate the significance of climate finance flows to recipient countries. Finally, it can be seen from Figure 2 that the scale of climate financing shows an expanding trend. Combined with the previous analysis, this paper believes that the existence and scale expansion of climate financing have a positive impact on the realization of carbon emissions reduction targets of recipient countries. However, the impact of this result on island types and recipient countries with low level of economic development has not achieved the desired effect. The positive impact of climate assistance on carbon emissions reduction in recipient countries is mainly realized by promoting the transformation of energy structure in target countries. Furthermore, climate-related development finance plays a positive role in promoting the technical level of recipient countries, especially the development of the adaptive climate-related development finance, Meanwhile, compared with the mitigation climate-related development finance, adaptation climate-related development finance has a more positive effect on carbon emissions reduction and renewable energy development. In addition, the climate-related development finance is mostly directed to the fields of transportation, energy and education at present.
This paper systematically analyzes the current situation, impact effects and existing problems of the “South-North cooperation” climate governance model, in order to provide reference for the rational adjustment and improvement of the direction of climate assistance in the future, and provide empirical support for further improving the enthusiasm of climate assistance in developed countries and guiding more developing countries to participate in the process of global climate governance. The frequent occurrence of extreme weather caused by climate change poses a great threat to the economic development and ecological protection of countries all over the world. In the face of extreme weather and climate, countries need to strengthen financial and technical cooperation and jointly contribute wisdom in exploring diversified and effective climate governance models. The specific conclusions are as follows:
First, climate assistance can significantly reduce the total carbon emissions equivalent of greenhouse gases and carbon emissions equivalent of energy consumption in recipient countries, and this result does not change in the analysis of carbon emissions per capita and carbon emissions per unit GDP. For the achievement of carbon emissions reduction target, it has a better effect on non-island countries and countries with high degree of economic development. The existence of climate assistance is meaningful, and the assistance of developed countries to climate governance in developing countries should be further promoted, including the amount of investment in the climate-related development finance and the scope of developing countries assisted. Further increasing the amount of developed countries’ investment in climate assistance and expanding the scope of benefits can better supplement the funding gap for climate governance in developing countries, and lay a foundation and provide a bridge for mobilizing more countries to participate in climate governance. At the same time, the direction of climate assistance should be adjusted, focusing on island countries and countries with low economic development that are more urgent to deal with the challenge of climate change, and giving more attention and financial support to these two types of countries to help regions with more dangerous situations better deal with climate change.
Second, climate assistance helps to promote the transformation of energy structure in recipient countries. Specifically, it promotes the development of renewable energy in recipient countries and significantly promotes the substitution of renewable energy for coal consumption, which provides important support for developing countries to achieve carbon emission reduction targets. But it could not be ignored that direct impact of climate assistance in promoting the process of “coal withdrawal” in recipient countries is still very limited. At present, the consumption of fossil energy in developing countries is still large, but it shows a downward trend. Under this background, climate assistance should increase investment and subsidies in renewable energy and other clean energy in developing countries and improve their market competitiveness and price advantage to accelerate their substitution for fossil energy. And helping developing countries improve the utilization efficiency of fossil energy represented by coal, reduce their dependence on coal, and then promote the process of “coal withdrawal.”
Third, climate-related development finance helps to improve the scientific and technological level of developing countries, especially the development of the adaptive climate-related development finance, which makes it possible to promote the development of renewable energy and the transformation of energy structure in developing countries. The amount and development speed of mitigation climate-related development finance are higher than that of the adaptation climate-related development finance, but the latter has a better impact on carbon emission reduction and renewable energy development. In addition, the inflow sectors of climate-related development finance are mainly concentrated in transportation, energy, education and other sectors, indicating that there is no deviation in the assistance direction focusing on specific sectors. At present, the amount of the two types of climate-related development finance should be appropriately adjusted, and more attention should be paid to climate adaptation assistance. For developing countries, especially those that are particularly urgent to deal with the climate crisis, better adaptation to climate change in a certain period of time is more meaningful to ensure their lives and promote economic development. At the same time, increase the inflow of climate assistance funds to developing countries in the fields of transportation, energy and education, promote the development of sectors related to the environment, and vigorously supporting the development of education will help lay the foundation for the progress of science and technology in developing countries.
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FOOTNOTES
1Considering the integrity of the data, this paper eliminates the countries with serious data gaps. There are 145 recipient countries finally included in the analysis of this paper. A list of specific countries is presented in the appendix.
2This paper only collates the information of the countries with clear assistance objectives and excludes the other countries without clear assistance objectives.
3Here, SIDS includes 43 small island developing States (some small island developing States have been eliminated due to the serious lack of data) and 11 other island developing States. The specific list is presented in detail in the appendix.
4Here, the least developed countries released by the United Nations in 2014 are regarded as countries with low economic development level, while the rest are regarded as countries with high economic development level. This paper takes this as the division standard of national economic level. Among them, there are 48 countries with low economic development level, and the specific list of countries is shown in the appendix.
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Human-induced climate change is bringing warmer conditions to the Southwestern United States. More extreme urban heat island (UHI) effects are not distributed equally, and often impact socioeconomically vulnerable populations the most. This study aims to quantify how land surface temperature (LST) changes with increasing green vegetation landscapes, identify disparities in urban warming exposure, and provide a method for developing evidence-based mitigation options. ECOSTRESS LST products, detailed land use and land cover (LULC) classes, and socioeconomic variables were used to facilitate the analysis. We examined the relationship between LST and the fractions of LULC and socioeconomic factors in the city of Phoenix, Arizona. A machine learning approach (Random Forest) was used to model LST changes by taking the LULC fractions (scenario-based approaches) as the explanatory variables. We found that vegetation features—trees, grass, and shrubs—were the most important factors mitigating UHI effects during the summer daytime. Trees tended to lower surface temperature more effectively, whereas we observed elevated daytime LST most often near roads. Meanwhile, higher summer daytime temperatures were observed on land with unmanaged soil compared to the built environment. We found that affluent neighborhoods experienced lower temperatures, while low-income communities experienced higher temperatures. Scenario analyses suggest that replacing 50% of unmanaged soil with trees could reduce average summer daytime temperatures by 1.97°C if the intervention was implemented across all of Phoenix and by 1.43°C if implemented within the urban core only. We suggest that native trees requiring little to no additional water other than rainfall should be considered. We quantify mitigation options for urban warming effect under vegetation management interventions, and our results provide some vital insight into existing disparities in UHI impacts. Future UHI mitigation strategies seriously need to consider low-income communities to improve environmental justice. These can be used to guide the development of sustainable and equitable policies for vegetation management to mitigate heat exposure impacts on communities.
Keywords: ECOSTRESS, land surface temperature, land use and land cover, socioeconomic status, scenario analysis, Phoenix
1 INTRODUCTION
Urbanization, or the conversion of natural landscapes to the human-built environment, is driven by population growth and socioeconomic development (Bettencourt et al., 2007; Grimm et al., 2008; Peng et al., 2012; Seto et al., 2012). These changes in land use and land cover (LULC) can cause land surface temperature (LST) changes through alteration of the albedo, roughness, and heat flux exchange of the land surface in urban and sub-urban environments (Estoque et al., 2017; Singh et al., 2017). The LULC changes are accompanied by well-known urban heat island (UHI) issues. The UHI is a particularly important issue because it is leading to substantial challenges to urban ecosystem functionality (e.g., the loss of vegetation), the increase of energy and water consumption, and heightened risks of heat-related mortality and morbidity among vulnerable groups (Chen et al., 2006; Tran et al., 2006; Buyantuyev and Wu, 2010; Zhou et al., 2011; Jesdale et al., 2013; Wang et al., 2018). To counterbalance these negative impacts, formulating operational UHI mitigation options and examining intra-urban social inequality are needed.
Most studies focus on the effect of LULC changes, impervious surface expansion, and landscape configuration on UHI (Dousset and Gourmelon, 2003; Voogt and Oke, 2003; Weng et al., 2004; Chen et al., 2006; Tran et al., 2006; Weng, 2009). There is substantial evidence that urbanization drives LULC changes (e.g., vegetated features converted to built-up areas), which also impacts LST (Pan et al., 2019). Moreover, socioeconomic disparities are well recognized factors in connection to UHI, and these factors merit attention in identifying UHI problem areas and developing solutions (Harlan et al., 2006). It is essential to identify the inequalities in LST exposure associated with different socioeconomic groups. Hence, the available socioeconomic data need to be assessed to explain observed LST distributions. LST has disproportionately influenced the neighborhoods with family types and dwellings, where areas with low-income, higher Black and Hispanic populations may experience higher levels of UHI (Oreszczyn et al., 2006; Mashhoodi, 2021). Previous studies on LST and social inequality have focused on the cities of Phoenix, New York, Los Angeles and Chicago (Jenerette et al., 2011; Chow et al., 2012; Mitchell and Chakraborty, 2015). For example, urban residents in metropolitan Phoenix with lower income usually face greater risk of heat stress than wealthier neighborhoods because the latter can afford air conditioning and water to supply green vegetation (Harlan et al., 2006; Chow et al., 2012). The more limited resources available to socially vulnerable populations raise inequality concerns (Li et al., 2016; Tang et al., 2017; Li et al., 2020). Therefore, more attention should be paid to socioeconomic disparities in connection to LST.
UHI is a particularly important issue for the desert cities of southwestern United States, as climate change is bringing even hotter and drier conditions to the region, which is experiencing substantial population growth (Christensen and Lettenmaier, 2007; Seager et al., 2007; Barnett and Pierce, 2008). For example, Phoenix, Arizona’s mean daily temperature has increased by 3.1°C during the last 50 years due to climate change and rapid urbanization, while summer nighttime temperatures have increased by as much as 6°C (Brazel et al., 2000). The conversion to built-up areas from all other LULC types has been determined as the dominant cause of the UHI effect in Phoenix (Wang C. et al., 2016). However, desert cities do not fit the conventional UHI trend but show unique patterns of LST variation. For arid desert regions specifically, tree cover typically reduces summer daytime temperature more effectively than grass, while unmanaged soil and dark impervious surfaces (e.g., asphalt surfaces) elevate temperature more than buildings (Myint et al., 2013; Zhang et al., 2019). Urban areas in desert cities can be cooler in summer than suburban regions where vegetation is sparse, and unmanaged soil is the primary reflecting surface (Xian and Crane, 2006; Lazzarini et al., 2013; Myint et al., 2013). Unlike other cities, higher densities of built infrastructure are not necessarily responsible for extreme heat in desert communities (Hartz et al., 2006; Cui and De Foy, 2012; Lazzarini et al., 2013). However, there is an emerging need to explore the UHI in harsh environments to develop effective and practical solutions that can be implemented immediately to mitigate urban warming effects.
Maintaining and enhancing urban vegetation is a well-tested mitigation and adaptation strategy for UHI in arid desert areas (Bowler et al., 2010; Myint et al., 2010; Huang and Cadenasso, 2016). Green vegetation surfaces store less heat than unmanaged soil, buildings, parking lots, streets, and other impervious surfaces, although the impact of trees, shrubs, and grass on the UHI may vary (Guhathakurta and Gober, 2010; Myint et al., 2010; Myint et al., 2013). It has been widely accepted that increasing green vegetation surfaces can effectively mitigate UHI (Weng et al., 2004; Zhou et al., 2011; Li et al., 2013). Studies in the Sonoran and Mojave Deserts, and the Phoenix Metropolitan Area specifically, have demonstrated that areas dominated by drought tolerant shrubs and woody plants show strong daytime transpirative cooling effects (Smith, 1978; Hamerlynck et al., 2000; Wang et al., 2019). Consequently, there is an increased interest in the effect of both the type and extent of greenspace on the level of UHI and formulating operational action plans to mitigate urban warming effects. In addition, the intensity of cooling effects on LST by increasing green space need to be quantified to provide insights for green infrastructure planning and management. However, most impervious surfaces in urban centers cannot realistically be changed or replaced by other LULC features with less heat storage to mitigate the UHI effect. Opportunities may exist to convert areas of unmanaged soil in desert cities to green vegetation to lower LST. This is an operational UHI mitigation option in desert cities. However, there is a lack of research on determining the intensity of heat reduction possible in response to the level of conversion from unmanaged soil to green vegetation biomass.
Remotely sensed data is well-suited for examining the relationships between urban LULC and LST (Voogt and Oke, 2003; Lu and Weng, 2006; Connors et al., 2013; Myint et al., 2013; Maimaitiyiming et al., 2014; Fan et al., 2015; Myint et al., 2015; Wang C. et al., 2016). To define urban heat islands, LST derived from remote sensing data is widely used as an indicator. Satellite-based LST is considered superior to other types of sensors (e.g., urban weather station, flux tower) for tracking spatial distributions of temperature (Nichol and To, 2012). Thermal remote sensing sources can retrieve LST across a wide range of the earth surface at various temporal and spatial scales (Chen et al., 2006). LST has been studied with different space-borne sensors at different spatial resolutions, including the Moderate Resolution Imaging Spectroradiometer (MODIS; 1-km) (Tran et al., 2006), Advanced Very High Resolution Radiometer (AVHRR; 1-km) (Streutker, 2003), LANDSAT (60–90-m) (Chen et al., 2006), and the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER; 90-m) (Stathopoulou et al., 2009). NASA’s ECOsystem Spaceborne Thermal Radiometer Experiment on Space Station (ECOSTRESS), launched in June 2018, covers several key biomes of the terrestrial biosphere using surface temperature information measured from the thermal infrared (TIR) bands (Hulley et al., 2017; Hook and Hulley, 2019). It can be used to study the heat stress of urban green spaces and provide surface temperature and emissivity (Level 2 product, 70-m) with high spatiotemporal resolution.
This study aims to fill the gap in managing vegetation to reduce urban heat island impacts and examine intra-urban social inequality. We applied an evidence-based approach, a problem-solving tactic using features, objects, phenomena, and changes apparent in remotely sensed data, to mitigate urban warming effects by intervening the key contributing factors of LST. We investigate satellite-based LST across the city of Phoenix, Arizona and examine the relationship between LST measurements, detailed LULC, as well as socioeconomic factors to understand LST patterns and the distribution of heat exposure. We employ scenario analyses to predict the LST changes that could result from urban vegetation management interventions aimed at improving urban sustainability and the quality of life.
2 MATERIALS AND METHODS
2.1 Study Area
Phoenix is the sixth most populous city in the United States with an estimated population of approximately 1.68 million (2019) within a 1,941 km2 area (United States Census Bureau, 2019; Zhang et al., 2019) (Figure 1). Phoenix has a subtropical desert climate with mild winters and scorching summers; daily maximum temperatures exceed 38°C throughout summer, making Phoenix the hottest city in the United States. Average annual precipitation is 195 mm (Fan et al., 2015), with most rainfall attributed to winter storms from December to March, or the monsoon season from July to September. The study area is characterized by a diversity of urban land use and land cover classes, including impervious surfaces (road and building), agriculture (active cropland, orchard, and fallow), shrub, tree, grass, unmanaged soil, and water (permanent river and canal, seasonal river, swimming pool). Phoenix is continuing to experience rapid urbanization, tracking with global trends toward development of desert environments (Wang et al., 2019), and represents a key case study for understanding urban-induced climate change.
[image: Figure 1]FIGURE 1 | Land use and land cover map derived from 1-m resolution data acquired by the National Agricultural Imagery Program (NAIP) within the city limits of Phoenix, Arizona.
2.2 Data and Methods
We employed high-resolution LULC and socioeconomic variables collected at the U.S. Census block group level, and satellite-derived 70 m LST measurements. To understand the distribution of UHI across Phoenix, we explored the spatial correlation of the LST, LULC fractions, socioeconomic and demographic variables. To identify options for UHI mitigation within the city boundaries, we then developed random forest (RF) algorithms to model LST changes with LULC composition changes. We examined UHI within the entire extent of Phoenix, and also within the urban core areas of the city alone (Figure 1). We manually delineated regions with a high density of anthropogenic features and settlements (i.e., residential, commercial, industrial land uses) as the “urban core” and excluded open spaces in outlying areas within the city boundary. The majority of Phoenix’s population resides in the urban core, which is subject to more serious water uses and heat-related health problems linked to the UHI effect (Gober et al., 2009). A flow chart that demonstrates the data processing and analytical procedure used in this study is presented in Figure 2.
[image: Figure 2]FIGURE 2 | Data processing and analytical procedure.
2.2.1 ECOSTRESS Data and LST Products
To explore the UHI phenomenon in Phoenix, we used ECOSTRESS data. ECOSTRESS consists of five thermal infrared (TIR) bands (Hulley et al., 2017). ECOSTRESS data have been available since June 29, 2018 with global coverage. We used the 70 m surface temperature and emissivity (Level 2) product which is available on a 3–5 days interval. The LST product (ECO2LSTE v001) is derived from five TIR bands based on a physics-based Temperature/Emissivity Separation (TES) algorithm (Hook and Hulley, 2019). We chose three scenes per season to reflect seasonal daytime and nighttime differences (Table 1). A total of 622,179 observations derived from ECOSTRESS LST within Phoenix City area were obtained for each selected time period.
TABLE 1 | List of the selected ECOSTRESS LST products in different periods.
[image: Table 1]2.2.2 Land Use and Land Cover Data
To explore the relationship between LST and LULC, we obtained a high-resolution land cover map derived from NAIP. NAIP 1-m images have four bands, including red, green, blue, and infrared wavelengths. The images of the study area were acquired on June 10, 2010 during the growing season (Li et al., 2014). As part of the Central Arizona-Phoenix Long Term Ecological Research Program, the Aerial Photography Field Office (APFO) generated the LULC map using an object-based image analysis (OBIA) method leveraging multiple image segmentation algorithms to achieve an overall accuracy of 91.9% (Li et al., 2014). The final land cover classification included thirteen detailed LULC classes, including buildings, roads, unmanaged soil, trees, shrubs, grass, fallow, swimming pools, seasonal rivers, lakes, canals, cropland, and orchards (Figure 1).
2.2.3 Socioeconomic Variables
When evaluating UHI relationship with communities, social and economic factors are important considerations. The increased UHI is not caused by socioeconomic variables, rather UHI spatial disparities are related to the characteristics of these variables. To explore the relationship between the spatial distribution of LST and socioeconomic characteristics, we used data from the U.S. Census (https://www.census.gov/en.html). The most recent census (2019) provided a variety of socioeconomic variables, including household property values, median household income, per capita income, and poverty status of household at the block group level based on 5-year American Community Survey (ACS) estimates. We selected the percentage of household below poverty level reported at the block group level, which was calculated based on the number of households with the income below poverty level divided by the total number of households in each block.
2.2.4 Assessing the Relationship Between LST, LULC, and Socioeconomic Status
We obtained ECOSTRESS-based LST, high resolution LULC, and socioeconomic and demographic variables collected at the U.S. Census block group level to explore the contributing factors or effects of LST. Univariate regression models were used to quantify the relationship between LST and other variables. Some preprocessing was required to examine these datasets together, which were in different formats, derived from different sources.
To minimize errors that might occur due to misregistration of ECOSTRESS or random error, and temperature variation, we calculated the mean LST from the set of three distinct scenes representing each season and time of day combination (summer daytime, summer nighttime, winter daytime, and winter nighttime) (Figure 3). For each 70-m LST pixel, we computed the fraction of each LULC class and the proximity to buildings and roads within 100 m.
[image: Figure 3]FIGURE 3 | Land surface temperature derived from ECOSTRESS data over Phoenix during (A) summer daytime, (B) summer nighttime, (C) winter daytime, and (D) winter nighttime.
Anthropogenic features (buildings and roads) representing urban development intensity have been demonstrated to significantly increase LST (Pan et al., 2019). Decreasing the extent of anthropogenic features can be one of the most effective approaches to mitigate UHI. We explored the combined effects of vegetation cover and development intensity to better understand the potential for vegetation planting to lower LST. To better understand the effect of landscape factors on UHI, we considered the combined effects of vegetation cover and development intensity by multiplying the tree cover fraction by proximity to buildings and roads for each 70-m pixel. We selected proximity to buildings and roads within 0–100 m because we assumed a negligible effect of building and roads on LST beyond 100 m.
In order to explore LST disparities in socioeconomic variables, average LST was calculated for each census block group within Phoenix’s urban core areas, because most of the population resides in the urban core. Block groups (BGs) are statistical divisions of census tracts used by the United States Census Bureau which are the smallest unit for sample data published by the Bureau. They generally contain clusters of blocks within the same census tract and have between 600 and 3,000 people. Please note that our study area contained 974 block groups in 2019. Each block group included the mean LST and associated socioeconomic variables. Regression analyses were conducted to examine the relationship between household property values, median household income, per capita income, poverty status of household and LST at the block group level.
2.2.5 Simulating Scenarios of LST Changes
We expected that increasing the extent of green vegetation in areas that are currently dominated by unmanaged soil would help to mitigate the UHI effect. To explore the relative effectiveness of trees, shrubs, and grass vegetation for mitigating UHI, we developed models to simulate LST changes associated with planting each type of vegetation in unmanaged soil regions of Phoenix. LULC fractions (proportion of LULC with 1 m resolution at 70 m × 70 m grid) were used to model LST changes because spatial disparities of LST are mainly caused by landscape heterogeneity in a specific area.
We used RF approaches to model LST changes that would result from replacing 10, 20, 30, 40, and 50% of unmanaged soil with trees, shrubs, or grass, respectively. We select replacing 10–50% of unmanaged soil as simulating scenarios considering the feasibility of the options and applicability of the level of operations depending on budget constraints. We randomly selected 70% of pixels to train the RF models, and the remaining pixels to validate the accuracies of our models. To account for spatial variation in LST due to landscape heterogeneity, we incorporated observed LST for pixels with a range of landscape composition—specifically with a range of proportional cover of each type of vegetation (trees, grass, and shrubs). We incorporated additional static variables, including the fraction of river, road, pool, orchard, lake, fallow, cropland, canals, and buildings for the lands converted from unmanaged soil to vegetation. For all of Phoenix and the Phoenix urban core only (Figure 1), we calculated the mean LST change under each intervention scenario.
Meanwhile, we also quantified the most influential factors affecting UHI mitigation effectiveness using the RF variable importance. The RF algorithm combines bootstrap aggregating and random feature selection to build decision trees. In this process, it randomly uses 2/3 of the samples as “in-bag data” and the remaining samples as “out-of-bag data” (OOB) to measure the model’s error. The importance of each input variable (LULC fractions) was quantified using the mean decrease in accuracy (MDA)—the OOB model’s error difference between the original dataset and a dataset with the randomly permutated input variable.
3 RESULTS
3.1 Regression Analysis Between LULC Fractions and LST
For summer daytime, all LULC fractions had a significant correlation with surface LST (Figure 4). Road fraction had the most significant association (slope = 0.0244) with daytime summer surface temperature, followed by unmanaged soil fraction (slope = 0.0178). Building and seasonal river fractions had comparatively smaller effects on LST. Shrub fractions had a weak positive association (slope = 0.0032) with LST. Shrub vegetation most commonly occurs in suburban areas where unmanaged soil is the dominant LULC class. Therefore, we expect that these areas’ temperatures are primarily influenced by unmanaged soil and show a higher trend than the urban core. The other nine LULC classes had a consistently negative relationship with LST; tree (slope = −0.0847) and grass (slope = −0.0590) fractions showed the strongest UHI mitigating effect. Lake, cropland, fallow, orchard, canal, and pool fractions also had negative associations with summer daytime LST. These LULC classes involve either vegetation or water, thus lowering daytime surface temperatures in the summer. Pool fractions showed the weakest UHI mitigating effect (slope = −0.0055) on summer daytime temperature.
[image: Figure 4]FIGURE 4 | Relationships between summer daytime LST and LULC fractions in Phoenix including the percent cover of (A) road, (B) building, (C) active cropland, (D) orchard, (E) fallow, (F) shrub, (G) tree, (H) grass, (I) unmanaged soil, (J) permanent river, (K) canal, (L) seasonal river, and (M) swimming pool, determined by linear regression.
For summer nighttime, we selected key variables (building, road, tree, grass, shrub, and soils) to explore the relationship between LULC classes and LST. These classes are the most critical factors for urban surface temperatures (Myint et al., 2010; Myint et al., 2013; Li et al., 2016). We found that summer nighttime temperatures were related with a selected set of LULC classes (Figure 5). Anthropogenic features did not all have the same relationship with LST. Road fractions were weakly positively correlated with summer nighttime temperatures (slope = 0.0185). In contrast, building fractions have a weak cooling effect (slope = −0.0013). Vegetation cover (trees, shrubs, and grass) presents significant negative correlations with LST, with slopes of −0.02349 for trees, −0.00672 for shrubs, and −0.02678 for grass. While trees and grass seem to effectively lower summer nighttime temperature, shrub fractions have a weaker mitigating influence. We also found that soils can lower summer nighttime surface temperature slightly (slope = −0.00549). The relationship between LULC classes and LST in winter daytime and winter nighttime is detailed in the Supplementary Material.
[image: Figure 5]FIGURE 5 | Relationship between summer nighttime LST and selected LULC fractions in Phoenix including (A) building, (B) road, (C) tree, (D) grass, (E) shrub, and (F) soils, determined by linear regression.
Although buildings and roads have strong relationships with LST for summer days and nights, we found that vegetation cover and distance moderated these effects (Figure 6). For summer daytime LST, the impacts of elevated LST were strongly close to these figures, dissipating with distance up to 100-m away (Figures 6A,B). The effect of roads was persistent at greater distances (slope = −0.0185) compared to buildings (slope = −0.00185). Additional linear regressions revealed significant negative relationships between LST and the combined effects of tree fractions and distances from 0 to 100 m to anthropogenic features (Figures 6C,D). Their regression slopes were steeper than any other variables (LULC types). For summer daytime, the combined effects were stronger predictors of LST than any LULC fractions alone. The combined effects between tree fraction and distance to road (slope = −0.282) was more strongly related to summer daytime surface temperature than the interaction between tree fraction and distance from buildings.
[image: Figure 6]FIGURE 6 | Relationship between summer daytime LST and (A) proximity to building, (B) proximity to road, (C) interaction of tree fraction and proximity to building, and (D) interaction of tree fraction and proximity to road, determined by linear regression.
In addition, the percentages of unmanaged soil according to the terrain conditions were explored because the terrain slope can be a useful parameter for the selection of suitable vegetation species. That would be further helpful for implementing urban forestry programs. Hence, we downloaded the terrain dataset derived from NASA’s Shuttle Radar Topography Mission (SRTM) from the USGS website (https://earthexplorer.usgs.gov/). Then the slope layer was generated using the SRTM data. Slope intensity values were later split into five categories with regard to their standard deviation. For each slope category area, we calculated the percentage of unmanaged soil (Table 2). The results showed that the slope lower than 5.73° occupied more than 80% of the unmanaged soil category, whereas the areas of unmanaged soil with slope greater than 14.92° have 7.05%. This demonstrates that unmanaged soil in our study area mainly occurs on flat terrain, and hence slope does not play an important role in mitigating urban warming effect.
TABLE 2 | Statistics of the percentage of unmanaged soil according to their slope categories across the City of Phoenix.
[image: Table 2]3.2 Distribution of UHI Impacts by Socioeconomic Status
We identified strong correlations between the spatial distribution of summer daytime and nighttime LST and the spatial distribution of socioeconomic disparities (Figure 7). The relationship between the socio-economic indicators including house property values, median household income, per capita income and percentage of household below poverty level, and surface temperatures were explored in summer days and nights in the urban core. We found that household property values were significantly negatively correlated with summer day and night temperatures. The regression slopes for summer daytime were steeper, implying that communities with lower property values tend to have disproportionate exposure to UHI, while communities with higher property values have lower exposure. We found similar patterns for median household income and per capita income. We observed a positive correlation between the percentage of households below the poverty level in a census block group and LST in both summer day and night, with a stronger relationship. For further details about the correlations between the LST and socioeconomic variables for winter day and night please see the Supplementary Material.
[image: Figure 7]FIGURE 7 | Disproportionate impacts of UHI on socioeconomically disadvantaged communities in Phoenix’s urban core were identified by linear regression between (A) summer daytime LST and house property values, (B) summer nighttime LST and house property values, (C) summer daytime LST and median household income, (D) summer nighttime LST and median household income, (E) summer daytime LST and per capita income, (F) summer nighttime LST and per capita income, (G) summer daytime LST and percentage of households below the poverty line, and (H) summer nighttime LST and percentage of household below the poverty line.
3.3 Projected Effect of Tree, Shrub, and Grass Plantings for UHI Mitigation
To understand how LULC contributes to LST distributions across Phoenix total extent and within the urban core only for different times of day in summer, we evaluated the relative importance of LULC fractions using the RF variable importance (Table 3). We observed that the fraction of unmanaged soil was the most important LULC composition explaining LST patterns across the whole city and the urban core roads, grass, and trees were among the top five variables in both regions. However, the fractional cover of shrubs was the second most important LULC for the whole city, different from urban core. Shrubs mainly grow in suburban areas and present a more significant effect on LST than in Urban Core. Other than the whole city, buildings have a more significant impact on urban core. Other factors, such as orchard, canal, seasonal river, lake, and fallow, present a consistently ineffective influence on LST in both areas.
TABLE 3 | Importance of LULC composition for explaining LST patterns across Phoenix according to RF models for Phoenix total extent and the urban core only.
[image: Table 3]Our scenario-based analysis based on RF demonstrated that LST could be effectively reduced by converting currently unmanaged soil to trees, shrubs, and grass (Table 4). We found that the mean summer daytime LST across Phoenix total extent (59.04°C) was higher than mean LST within the urban core (58.75°C). Phoenix total area extent and urban core cover unmanaged soil areas of 656 km2 (occupying the total area of 33.80%) and 361 km2 (occupying the total area of 26.78%), respectively. When trees, shrubs, or grass replace 10, 20, 30, 40, and 50% of unmanaged soil, the mean LST decreased accordingly.
TABLE 4 | Projected mean summer daytime temperatures across Phoenix total extent and the urban core alone that would result from replacement of 10, 20, 30, 40, or 50% of unmanaged soil by trees, shrubs, or grass, based on random forest (RF) scenario models.
[image: Table 4]For Phoenix total extent, replacing unmanaged soil with trees produced the greatest cooling effect, followed by grass and shrubs in summer daytime. The RF scenario replacing 50% of unmanaged soil with trees and grass across Phoenix total extent reduced LST by 1.97°C and 1.92°C, respectively. The effect of trees and grass planting on LST were similar. For Phoenix urban core, the results of the RF scenario showed replacing unmanaged soil with trees produced the greatest cooling effect, followed by shrubs and grass with lowering 1.43°C, 1.42°C, and 1.11°C, respectively. Planting these three types of vegetation achieve the similar effects for cooling in the urban core alone. We found that tree plantings had the greatest effect on lowering LST across vegetation intervention scenarios for Phoenix total extent and for the urban core alone.
We found that the mean summer nighttime LST across Phoenix (28.86°C) was lower than the urban core (29.14°C). Through scenario analysis with RF models, we found that mean summer nighttime LST dropped gradually across Phoenix total extent and within the urban core when progressively more unmanaged soil was replaced by trees, shrubs, or grass (Table 5). Replacing unmanaged soil across Phoenix total extent with grass delivered the best cooling effect, followed by trees and shrubs from the RF approach. The RF scenario replacing 50% of unmanaged soil with grass, trees and shrubs across Phoenix total extent reduced LST by 0.57°C and 0.46°C, and 0.21°C, respectively. For Phoenix urban core, the models indicated that grass had the best cooling effect, followed by shrubs and trees with the LST reduction of 0.50°C, 0.41°C, and 0.27°C, respectively. We found that grass plantings were the greatest effective than other two vegetation types for cooling across vegetation intervention scenarios neither in Phoenix total extent nor the urban core alone. Changes in mean temperatures in Phoenix total extent and urban core detailed in Supplementary Material during winter daytime.
TABLE 5 | Changes in mean temperatures in Phoenix total extent and urban core when replacing 10, 20, 30, 40, and 50% of unmanaged soil by trees, shrubs, or grass based on RF during summer nighttime.
[image: Table 5]4 DISCUSSION
4.1 The Impact of LULC on LST
Urbanization creates a concentration of anthropogenic features (e.g., impervious surfaces) leading to the UHI with implications for water and energy consumption, ecosystem services and human health in Phoenix and other cities. We discovered significant positive relationships between road fractions and surface temperatures in all time periods considered in this study. Consistent with previous studies (Myint et al., 2013; Wang C. et al., 2016; Mohajerani et al., 2017), we found that the extent of roads impacts surface temperatures more than other factor during summer days and nights. Contrary to previous studies which identify buildings as a driver of increasing surface temperatures in summer (Zhou et al., 2011; Bokaie et al., 2016), we found that buildings are not associated with high daytime surface temperatures, yet are associated with lower nighttime temperatures in our study area.
The distinct impacts of buildings and roads are likely caused by differences in their composition materials. Roads, parking lots, driveways, and sidewalks are primarily made of asphalt—a dark surface—while buildings are composed of bright materials. Darker surfaces usually absorb and retain heat longer than white or bright-colored surfaces (Mohajerani et al., 2017). Conversely, most rooftops and walls of buildings in Phoenix are composed of bright materials resulting in lower heat retention and high surface reflectance (Myint et al., 2013). Furthermore, the perimeters of buildings are usually associated with vegetation covers, such as grass or trees providing a cooling effect. Some building rooftops in Phoenix are “cool roofs” with solar panels that produce emissions-free electricity to cool the buildings. Finally, buildings can provide shade during the day, thereby acting somewhat similar to the effect of vegetation and reinforcing a cooling effect. These features can explain why roads cause more significant temperature increases than buildings in Phoenix.
It is not surprising that the urban core areas had higher summer nighttime LST compared to Phoenix total extent; anthropogenic features (buildings and roads) in the urban core absorbed and retained more heat than unmanaged soil in suburban areas. Surprisingly, we found that unmanaged soil was associated with higher summer daytime LST than buildings in Phoenix. Unmanaged soil mainly exists outside the urban core, while buildings, trees, and grass are concentrated within the urban core—this may explain why summer daytime temperatures in suburban areas are generally hotter than in the urban core. Unmanaged soil is the primary reflecting surface in Phoenix; which is also true of other desert cities and is an important consideration for managers interested in mitigating UHI.
In addition, the relationship between swimming pool fractions and summer daytime temperature was the lowest (Figure 4L) since swimming pool fraction values could be very low at 70 × 70 spatial resolution in some cases. Therefore, we conclude that swimming pools do not significantly impact daytime surface temperature, nor do they effectively lower the thermal energy in a desert area. This finding is the same as what was reported in Myint et al. (2013).
Our study gives particular attention to trees, grass, and shrubs because these vegetation features generally have cooler surface temperatures than other LULC (Zhang et al., 1998; Tran et al., 2006), and they also provide important ecosystem services within the urban landscape. We found that vegetation features have a cooling effect on summer day and summer night surface temperatures. Trees are the most effective for cooling summer daytime temperature, while grass is more effective for cooling summer nighttime temperatures. Shrubs were generally less effective for cooling UHI, likely because shrubs mainly grow in suburban areas where unmanaged soil dominates.
4.2 Inequality in UHI Exposure
We documented disparities in the distribution of UHI within Phoenix’s urban core, based on property values, median household income, and the percentage of household below poverty level. Lower socioeconomic status census block groups are more likely to be exposed to high temperatures in the summer, while affluent neighborhoods may experience relatively cooler temperatures. Land cover features may contribute to these disparities (Uejio et al., 2011). Political and socioeconomic factors may cause LULC and management (e.g., xeric residential versus mesic residential) differences among communities, thus leading to LST spatial disparities (Harlan et al., 2006; Chow et al., 2012). These findings are consistent with the luxury effect, which suggests that ecosystem variation conforms to socioeconomic status (Hope et al., 2003). Residential landscape composition is typically associated with the period of development and income levels. In Phoenix, affluent neighborhoods have more vegetation (trees and grass lawns), and their cooling influence is more accessible for these residents, whereas low income neighborhoods tend to have little vegetation or access to greenspace (Harlan et al., 2006; Jenerette et al., 2007; Jenerette et al., 2011; Li et al., 2016). Mean temperatures higher than 100°F (37.78°C) can persist for at least 3 months in our study area, imposing an extended burden on vulnerable residents in Phoenix, which could be alleviated with strategic vegetation-based UHI mitigation. Such analyses provide the implications that future urban heat mitigation options should focus on communities with lower socioeconomic status to achieve environmental justice instead of simply concentrating on cooling effect.
4.3 Operational Urban Warming Mitigation Through Sustainable Planning
One strategy to mitigate the UHI effects, which are more intense for desert cities than other urban centers, is to increase green vegetation landscapes. Previous studies have suggested that increasing green space can achieve significant cooling potentials (Zhang et al., 2017). The city of Phoenix has launched an urban planning effort to mitigate UHI by increasing the amount of green space (Phoenix, C.O., 2010), however, the potential cooling effect across the region has not been quantitatively assessed. In Phoenix, there exists a large extent of unmanaged soil which is unconsolidated material that supports plant growth. From our analysis, unmanaged soil caused higher summer daytime LST than buildings. It was the most important composition explaining LST patterns as well. Vegetation (trees, grass, and shrubs) are the top five variables explaining LST patterns and has been well-documented to alleviate UHI (Bowler et al., 2010; Myint et al., 2010; Huang and Cadenasso, 2016). Therefore, we determined that replacing unmanaged soil—a primary contributor to UHI—with vegetation is an operational option to mitigate UHI.
We have two study areas—the total extent of Phoenix and the city’s urban core—to explore LST changes based on scenario models. Phoenix urban core is necessary to be explored due to owning the majority of Phoenix’s population and facing more severe heat-related issues. Scenario models demonstrate that these two areas have the similar ranking in the importance of LULC composition for explaining LST patterns. We observed that unmanaged soil was the most important variable across these two areas because open land areas are the primary reflecting surface in desert cities. Vegetation features (trees, grass, and shrubs) were also one of the most important variables. Other than the whole city, buildings and roads have more significant impacts on urban core. This is because building and road categories are one of the main land cover types and has more impact on UHI than the whole city. The results of UHI mitigation derived from scenario-based models present the analogous change trends in Phoenix total extent and urban core when replacing 10, 20, 30, 40, and 50% of unmanaged soil by trees, shrubs, or grass.
Our scenario models demonstrate that tree plantings represent the best strategy to lower summer daytime LST, while grass is more effective summer nighttime in Phoenix total extent and urban core. The results are consistent with our regression analysis between LULC fractions and LST where the strongest UHI mitigating effect was shown by trees in summer daytime and by grass in summer nighttime, respectively. Scenario-based models present that the benefit of increased vegetation cover on heat mitigation was more pronounced on summer daytime than on summer nighttime. Previous studies demonstrated that interactions between vegetation cover and land surface on higher LST are stronger, thus producing higher cooling effect by planting vegetation in the areas with higher LST (Ziter et al., 2019). The benefit of planting vegetation in an urban area may be amplified on days with extreme heat. In our study, most unmanaged soil occurs mainly outside the urban core where the minority of the population resides. We explored the LST changes based on scenario models in Phoenix total extent and urban core. The latter has the majority of population and faces more severe heat exposure. Hence, planting vegetation in unmanaged soil needs to focus on urban core area to achieve the optimal intervention to mitigate UHI.
We assume that landscape compositions will determine spatial disparities of surface temperatures under the same solar radiation in a specific area. Therefore, LULC fractions can be used as explanatory variables to model LST. In this study, we demonstrated that tree or grass plantings provide the best strategy to cool the environment. We focused solely on vegetation interventions for urban UHI mitigation without considering the tradeoffs of the cost and other environmental factors, such as outdoor water use, energy consumption, biodiversity, air pollution, and landscape configuration. It is reported that shade trees in xeric landscapes requires less irrigation than grass because of different cooling mechanisms of grass and trees—grass primarily lowers LST by latent heat of vaporization through ET, while trees are mainly induced by radiative shading (Wang Z.-H. et al., 2016). Different irrigation requirement imposes the constraints on water resource management and planning especially for cities in arid areas. Therefore, shade provided by trees should be taken into account more seriously than grass in addition to the point of saving of irrigation water use by trees. Since water conservation is crucial in a desert city, we suggest native tree species (e.g., Palo Verde, Desert Ironwood, Mesquite, Acacia, Desert Willow) requiring little to no irrigated water other than rainfall would be the best option to minimize urban heat island effect in the city of Phoenix. Drought tolerant species and less water use species are also an option for mitigating surface temperatures. We believe that the actionable options provided above are manageable and can be implemented immediately to mitigate urban warming effect in arid, semi-arid, and dry climate regions.
5 CONCLUSION AND PERSPECTIVES
We explored the relationship between urban LULC fractions, socioeconomic factors, and LST measured from ECOSTRESS satellite images in Phoenix. Socioeconomically vulnerable communities are disproportionately exposed to UHI, particularly high summer daytime temperatures; disparities in exposure to UHI may cause a higher incidence of heat-related health problems (e.g., asthma, bronchitis, lung diseases, heart diseases, heat stroke) in underprivileged communities. UHI disparities are linked to LULC composition differences, which also vary with socioeconomic factors across the city. We found that unmanaged soil significantly increases temperatures in the city, followed by roads and buildings. Vegetation features help to moderate high daytime temperatures. Trees lower daytime surface temperature more effectively than grass and shrub cover, making them the optimal intervention to mitigate UHI and potentially reduce energy demand in desert cities. Through scenario analysis, we found that replacing 50% of unmanaged soil with trees could reduce average summer daytime temperatures by as much as 1.97°C if the intervention was implemented across all of Phoenix and by 1.43°C if implemented within the urban core only. Since Phoenix city is located in a desert environment, native trees requiring little to no additional water other than rainfall would be ideal to mitigate urban warming effects. It is recommended that policymakers and planners incorporate and optimize the spatial configuration of urban landscapes by increasing green infrastructure in unmanaged soil and pay more attention to environmental social justice or equity in urban planning and urban forestry programs.
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Extreme hot events have increased evidently under global warming, particularly in the urban areas. This study aims to explore the detailed features of future changes in summer heat waves (HWs) over three major urban agglomerations (Beijing Tianjin Hebei, BTH; Yangtze River Delta, YRD; Pearl River Delta, PRD) in eastern China under 1.5 and 2.0°C warming scenario by using the Weather Research and Forecasting model (WRF) with the updated land cover data for China (ChinaLC), which is also coupled with urban canopy model. Based on the future projection results from Community Earth System Model (CESM) under the Representative Concentration Pathway (RCP) 4.5, dynamic downscaling with high-resolution WRF has been performed to project the future changes in frequency, duration and intensity of summer HWs in urban agglomerations under 1.5 and 2.0°C warming scenarios respectively. Compared with the historical period, it is found that both the summer HWs indices and the HWs affected areas all increase significantly under 1.5 and 2.0°C warming scenarios. The increasing rates of the three HWs indices are above 50% under 1.5°C warming situation, and 70% for 2.0°C warming scenario, with the increasing rate of HWs intensity even exceeding 200%. It is noted that an additional 0.5°C warming from 1.5 to 2.0°C can produce much larger impact on the future HWs changes in YRD, with the HWs intensity increased by 75.5% from 1.5 to 2.0°C warming scenarios. It is further found that the changes of HWs indices in urban area is much higher than that of non-urban areas under 1.5 and 2.0°C warming, indicating that the urban areas will face higher risk of heat-related illness or environments than suburban or rural areas in the future. Our results can provide further scientific support for the mitigation and adaption strategy for the future HWs risk in mega-cities.
Keywords: heat waves, dynamic downscaling, urban agglomerations, 1.5°C and 2.0°C global warming, future projection
INTRODUCTION
Heat waves are extreme events associated with particularly sustained high temperatures (Frich et al., 2002; Perkins 2015; Hua et al., 2021; Yu et al., 2021; Yang et al., 2021a), which can produce adverse impacts on human mortality, regional economies, and natural ecosystems (Kovats and Hajat 2008; McMichael and Lindgren 2011; Lesk et al., 2016). For instance, the long-lasting and widespread HWs in 2013 over eastern China brought 59 billion RMB direct economic losses (Sun et al., 2014). Observational data over the past few decades indicate that the frequency of HWs has increased all over the world (Seneviratne et al., 2014; Perkins 2015; Yang et al., 2021b). Under global warming, HWs are projected to become more intense, frequent and longer lasting over most land areas in the late 21st century (Meehl and Tebaldi 2004; Coumou and Robinson 2013; Su and Dong 2019a).
In urban areas, surface air temperatures are generally higher than those in rural areas due to the urban heat island (UHI) effect (Oke 1982). This indicates that the urban areas are more exposed to the risk from HWs (Stone et al., 2010; Ren and Zhou 2014). More than 55% of the world’s total population is currently living in urban areas, which is expected to increase in the future with the expansion of urbanization and the growth of population (http://world-statistics.org). These urban residents are directly affected by the combined influence of global warming caused by greenhouse gases and the UHI effect caused by urbanization, which makes them more vulnerable to the effect of heat extremes (IPCC, 2014; Sun et al., 2014; Yu et al., 2018).
Since the 1980s, urbanization has rapidly accelerated in China, especially in eastern China, where the economy develops apace with high population density (Wang et al., 2012; Gong et al., 2019). An evident increased trend in summer HWs over eastern China is found during the last decade (Chen and Li 2017; Su and Dong 2019b). Recent studies suggest that the increasing frequency of extreme summer heat wave in eastern China is attributable to the anthropogenic emission of greenhouse gases and the expansion of UHI due to rapid urbanization (e.g., Dian-Xiu et al., 2014; Sun et al., 2016). It is also found that most of the densely populated regions, such as eastern China, will expect to witness larger increases of extreme heat events than the other regions of East Asia under 1.5 and 2.0°C warming scenarios (Li et al., 2018). Yu et al. (2018) further suggested that the additional 0.5°C temperature rise from 1.5 to 2.0°C warming will lead to significantly increased extreme HWs in China’s urban agglomerations.
It is noted that most of the previous studies used datasets from Coupled Model Intercomparison Project Phase 5 (CMIP5) models under different RCP scenarios to investigate the changes of weather and climate extremes in response to global warming. However, due to the coarse resolution and imperfect parameterization scheme of urban land surface physical processes, most of the existing climate system models can not reasonably depict the differences between cities and their surrounding areas, which might lead to larger uncertainties in the simulation and projection of extreme weather and climate events in urban areas (Pachauri et al., 2014). To reduce regional-scale biases, dynamical downscaling with regional model driven by global climate system models’ output is widely adopted because of the higher spatial resolution and better representation of physical processes for regional climate models (Grossman-Clarke et al., 2017; Chen et al., 2018; Wu et al., 2020; Ge et al., 2021).
Therefore, this study aims to reasonably project the future changes of HWs in typical urban agglomerations in eastern China by dynamical downscaling using the high-resolution WRF model. To improve the representation of physical processes in urban areas, the WRF model coupled with urban canopy model (UCM) was employed. The global future climate projections were derived from the National Center for Atmospheric Research (NCAR) Community Earth System Model under the RCP4.5 scenario. Three major urban agglomerations in eastern China (Beijing-Tianjin-Hebei, BTH; Yangtze River Delta, YRD; Pearl River Delta, PRD) were selected as the research regions in this study. The structure of this paper is organized as follows, the details of the data and methodology are described in Section Data and Methods. the performance of the downscaled simulation of HWs over three urban agglomerations is systematically evaluated and the future changes in temperature and HWs are presented in Section Results. The discussion and conclusion are in Section Conclusion and Discussion.
DATA AND METHODS
Study Areas
In this study, the three urban agglomerations located in coastal Eastern China, i.e., Beijing-Tianjin-Hebei region (BTH), the Yangtze River Delta (YRD), and the Pearl River Delta (PRD), are selected as research areas. These three regions are the most mature and competitive urban agglomerations in China, with the largest population density and the highest level of national economic development, which is the inevitable outcome of China’s new industrialization processes (Fang 2015). More specifically, the three urban agglomerations have an area of 370 × 103 km2, with a population of 102.19 million and a GDP of CNY 30.82 trillion (Chou et al., 2021), and these suggest that the degree of exposure and vulnerability to climate disasters and potential economic losses in three urban agglomerations are much larger than that in other regions.
Model, Experiments Design, and Meteorological Data
The regional model used for dynamic downscaling in this study is the WRF model version 3.9.1 (Skamarock and Klemp 2008), which is coupled with the Urban Canopy Model (UCM) (WRF/UCM; Kusaka et al., 2001; Kusaka and Kimura 2004). Two one-way nesting strategy has been configured for WRF, with 15 km spatial resolution for outer domain and 5 km resolution for inner domain. As shown in Figure 1, three urban agglomerations are all located in the innermost domain, with 78 × 90 grid cells for BTH region, 90 × 110 for YRD and 45 × 57 grid points for PRD respectively. The Lambert conformal map projection was adopted for the model’s horizontal coordinates. The vertical grid contained 37 terrain-following eta levels from the surface up to 50 hPa. The main physical schemes adopted in this study include the WRF Single-Moment 6-class microphysics scheme (Hong and Lim, 2006), the Kain-Fritsch cumulus scheme (Kain, 2004), the Rapid Radiative Transfer Model for GCM (RRTMG) longwave and shortwave radiation scheme (Iacono et al., 2008), the Yonsei University boundary layer scheme (Hong et al., 2006), and the Noah land surface model (Chen and Dudhia, 2001) which is coupled with the single-layer UCM.
[image: Figure 1]FIGURE 1 | Double-nested model domains used in the study, with D01 as the outer domain and d02 being the innermost domain for (A) Beijing-Tianjin-Hebei region (BTH) (B) Yangtze River Delta (YRD) and (C) Peral River Delta (PRD) respectively. Land-use and land cover categories over BTH, YRD and PRD are shown in (D–F). The black spots in (D–F) denote the meteorological observation stations over the three urban agglomerations.
Atmospheric initial and lateral boundary conditions for driving the WRF model were taken from the bias-corrected CESM CMIP5 datasets (with a horizontal resolution of 0.9° × 1.25° in latitudinal and longitudinal directions) at 6-h intervals (https://rda.ucar.edu/datasets/ds316.1/). Compared with other CMIP5 models, CESM can reasonably reproduce the global temperature and precipitation distribution (Knutti and Sedlacek 2013), especially in China (Chen and Frauenfeld, 2014). For the future projection, a low-medium scenario (i.e., RCP45) was selected, which is corresponding to moderate emissions with a range of technologies and strategies for reducing GHG emissions (Thomson et al., 2011).
Moreover, the daily mean surface air temperature (SAT) retrieved from the Earth System Grid data portal was used to estimate the timing of 1.5 and 2°C global warming in the CESM projection under RCP4.5 scenario. Relative to the preindustrial period, the timing for 1.5 and 2°C warming is expected in year 2030 and 2047 respectively, based on the CESM CMIP5 projection under RCP4.5 scenario. To investigate future changes in summer HWs over urban agglomerations of eastern China under 1.5 and 2.0°C global warming, we take 1996–2005 as reference time period, 2025–2034 as 1.5°C warming time period, and 2042–2051 as 2°C warming time period in this study. Then three sets of 10-year dynamical downscaling experiments have been conducted, with WRF driven by the CESM simulation and projection results, i.e., 1) a historical downscaling run during 1996–2005 (Hereafter “Exp HIS-run”), with WRF driven by CESM historical simulation during the same period, 2) a scenario run under 1.5°C warming (Hereafter “Exp 1.5-run”), with WRF driven by CESM future projection results during 2025–2034, and 3) a scenario run under 2°C warming (Hereafter “Exp 2.0-run”), with WRF driven by CESM future projection results during 2042–2051. For each experiment, the model was initiated from 12:00 UTC 31 May and run until 00:00 UTC 1 September each year, with the first 12 h of each run being considered as the spin-up time.
The daily mean temperature (Tmean) and maximum temperature (Tmax) during 1996–2005, which is from the meteorological stations of the China Meteorological Administration (https://data.cma.cn), have been adopted for the evaluation and bias correction of WRF-based dynamical downscaling results. There are 21, 27, and 7 meteorological stations selected in BTH, YRD, and PRD, respectively. These stations include both urban stations and suburban stations in model domain d02 (Figures 1D–F).
Land Cover Data
The default land cover data (USGS 24-category) used in the WRF model are based on 1-km Advanced Very High Resolution Radiometer data obtained from 1992 to 1993, which cannot provide up-to-date information. In the present study, a 5-km resolution ChinaLC dataset from 1981 to 2010 was used to represent land cover in the model. Detailed information regarding the data sources and the classification approach can be found in Li et al. (2017) and Yang et al. (2017). When compared with other large-scale land cover datasets, the ChinaLC dataset shows an average overall accuracy of approximately 75%, which is much higher than its counterparts (Xiao et al., 2015; Li et al., 2017). As the resolution of the inner WRF domain was set to 5 km, which is the same as the spatial resolution of ChinaLC data, the land use data in the model can be replaced by the ChinaLC data in the WRF Preprocessing System.
The classification scheme of the ChinaLC dataset is developed based on the International Geosphere-Biosphere Programme (IGBP) land cover classification scheme, which is different from that of the USGS dataset in the WRF model. Before utilizing the ChinaLC dataset, the classification transformation was carried out based on the method used by Liang et al. (2019). A land cover case of the 2010s from the ChinaLC dataset was introduced into the WRF/UCM to represent the land cover over the urban agglomerations. The land cover classifications of the 2010s for the innermost model domains are shown in Figures 1D–F. We can see that the main types of land cover in the urban agglomerations present wide divergence in different latitudes, especially for the urban/built-up land (shaded areas in red). However, the urban/built-up land is not the dominant land cover type in urban agglomerations. In the historical scenario, the percentages of urbanized areas in BTH, YRD, and PRD are 4.89, 8.49, and 17.86%, respectively. Despite the varying percentages caused by the different area sizes of selected research regions, the climate characteristics of urban parts are usually very different from those of the suburbs in the regions. Therefore, the response of extreme cases in urban areas to global warming may have been underestimated in previous studies by using the regional average changes.
Definition of Heat Waves
Generally, there are several HW definitions which are based on relative or absolute thresholds, but it is also noted that there is no single HW definition which could be universally accepted (You et al., 2017). Following the heatwave warning criteria used by the China Meteorological Administration (www.cma.gov.cn/en/WeatherWarnings/), we define extreme high temperature with a threshold of 35°C in this study, and the day with Tmax ≥ 35°C is defined as a high-temperature day. An HW event is then identified when there are three and more consecutive high-temperature days. Furthermore, three widely used HW indices are adopted for analysis in this study, i.e., the frequency index, which is the number of HWs in the study period; the duration index, which is the sum of the number of high temperature days during the HWs; the intensity index, which refers to the cumulative sum of the difference between the daily maximum temperature and the 35°C threshold for all HWs in study period. In this study, we focus on changes of HWs in summer season, so all above three HW indices are calculated for summer season, i.e., June, July and August.
Bias Correction Method
To reduce the model uncertainty of WRF/UCM in simulating the daily mean and maximum temperature, bias correction (BC) for the WRF/UCM-based downscaled Tmax is needed. Based on the average difference between the observed and simulated Tmean and Tmax during the period 1996–2005, a climatology based bias correction method is applied in this study, just as mentioned in Li et al. (2018).
The bias-corrected temperature for the model ([image: image]) was calculated as follows:
[image: image]
Where [image: image] represents the simulated daily mean/maximum temperature at each grid cell of the model, and [image: image] stands for the mean systematic error of the temperature. [image: image] and [image: image] are the mean values from the observation of all stations and the simulation of model corresponding to the stations during 1996–2005, respectively.
Using the bias corrected temperature results, the future changes of summer HWs in three urban agglomerations have been estimated, and the flow chart of analysis in this study is shown in Figure 2 as following.
[image: Figure 2]FIGURE 2 | Flow chart for the examination of future changes of summer heat waves over the three urban agglomerations.
RESULTS
Model Validation
To examine the performance of the WRF/UCM modeling system, the frequency histograms of simulated results versus observed data for Tmean and Tmax are shown in Figure 3. All daily values during the entire analysis period (JJA of 1996–2005) from the meteorological stations were used. For BTH, YRD and PRD, the records are 18,900 (92 days × 10 years × 21 stations = 18,900), 24,300 (92 days × 10 years × 27stations = 18,900) and 6,300 (92 days × 10 years × 7 stations = 6,300), respectively. From the frequency of occurrence in different temperature sections, there are good temporal correlations between the bias-corrected model outputs and observations for Tmean and Tmax. The correlation coefficients are mostly greater than 0.6 for all three urban agglomerations. The mean bias ranges from 1.04 to 1.38 for Tmean and from 1.22 to 1.7 for Tmax. Furthermore, the spatial distributions of summer Tmean and Tmax in observations and bias-corrected model simulations are demonstrated in Figure 4. The HIS-run well replicates the observations in JJA with a spatial correlation coefficient of more than 0.6, which indicates that the bias-corrected model outputs capture the climatological features acceptably. The urban heat island effect can be seen, as Tmean and Tmax tend to be higher in the urban areas and lower in the surrounding areas.
[image: Figure 3]FIGURE 3 | Frequency comparison histogram of Tmean and Tmax between observation data and WRF simulation results during the entire analysis period (JJA of 1996–2005) over (A,D) BTH, (B,E) YRD, and (C,F) PRD (solid color represents observation data, and grids represent WRF simulation results; R represents the correlation coefficients, and ME represents the mean bias).
[image: Figure 4]FIGURE 4 | Spatial distributions of averaged Tmean and Tmax of observation data and WRF simulation results during the entire analysis period (JJA of 1996–2005) over (A–D) BTH, (E–H) YRD, and (I–L) PRD.
In summary, the bias-corrected model outputs can, to a great extent, generate the regional-scale characteristics of the summer temperatures realistically at each selected urban agglomeration faithfully, which suggests the reliability of using WRF downscaling for projecting the HW indices’ future changes. We note that a few efforts recently attempted to apply the WRF dynamic downscaling method to revisit the regional impacts of global warming (Yamamoto et al., 2018; Ge et al., 2021).
Future Summer Temperature Changes
Figure 5 presents the WRF-projected changes in summer Tmean and Tmax over the three urban agglomerations under 1.5 and 2.0°C warming conditions relative to the historical run. Projected Tmean and Tmax both increase under 1.5 and 2.0°C warming throughout the urban agglomerations. When the warming reaches 1.5°C under RCP4.5, the averaged increasing magnitude of Tmax are 0.97°C with the inhomogeneous changes range between 0.92 and 1.01°C over BTH region. As for YRD region, the 10-year mean increasing magnitude is 0.88°C, with the range between 0.82 and 0.94°C. The increasing magnitude is smallest over PRD region, with mean magnitude of 0.85°C, maximum Tmax increase is 0.90°C, and minimum Tmax increase is 0.82°C. The increasing magnitudes of Tmax are stronger than those of Tmean. It suggests that the number of extreme high temperature events will soar in urban agglomerations. Under the scenario of 2.0°C warming, the changes of summer temperatures will be greater (Figure 5B), and the largest increases of Tmean and Tmax occur in YRD.
[image: Figure 5]FIGURE 5 | Box diagram of the differences in Tmean and Tmax of the three urban agglomerations over eastern China between (A) Exp 1.5-run and Exp HIS-run, between (B) Exp 2.0-run and Exp HIS-run, and between (C) Exp 2.0-run and Exp 1.5-run (“×” represents the average value, the top horizontal line refers to the maximum value, the bottom horizontal line represents the minimum value, the upper and lower quartile indicate the ranges from 25th to 75th percentile in the packing drawing, and the middle horizontal line represents the median).
How the increase from 1.5 to 2.0°C warming impacts on summer temperatures is shown in Figure 5C. With this additional 0.5°C temperature rise, Tmean will increase by 0.29°C (0.19–0.38°C), 0.68°C (0.6–0.75°C) and 0.34°C (0.33–0.36°C) over BTH, YRD and PRD, respectively, whereas Tmax can rise by 0.2°C (0.1–0.26°C), 0.59°C (0.5–0.69°C) and 0.36°C (0.33–0.4°C) for BTH, YRD and PRD, respectively. Obviously, the increases of Tmean and Tmax in response to the additional 0.5°C warming are largest in YRD, which implies that by enforcing the agreement on limiting the temperature increase to 1.5°C, the YRD region will benefit more than the other urban agglomerations in terms of reducing extreme hot events. This result is consistent with the results of multi-mode projection on extreme maximum temperature by Yu et al. (2018). Note that the increases of Tmean and Tmax in response to the additional 0.5°C warming in the other urban agglomerations except YRD region is slightly weaker than the additional rise. This may be because our study focuses on summertime when the warming trend will be less significant than winter in China under future global warming (Yang et al., 2021c). In addition, Ge et al. (2021) pointed out that the smaller benefits achieved from the additional 0.5°C warming limit for the WRF projection than CESM.
Future Heat Wave Changes
Figures 6–8 show the spatial distributions of projected future changes in the HWs’ frequency, duration, and intensity over the three urban agglomerations. The three indices of summer HWs are enhanced in most areas of the urban agglomerations against the backgrounds of 1.5 and 2.0°C warming. According to the variation diagrams of HW frequency in Figures 6A,D,G, the HW frequency is enhanced in almost entire BTH and YRD under the 1.5°C warming scenario. In BTH, the enhancement mainly occurs over the urban underlying surface and the underlying surface of dry cropland to the south of the urban areas, while the urban and cropland/woodland mosaic areas witness most of the HW frequency increases in YRD. As for PRD, the HW frequency decreases in the urban areas of Guangzhou, but increases significantly in the surrounding cities. Under the 2.0°C warming scenario, there is a similar distribution of HW frequency changes, but the range is more extensive, and the intensity is stronger (Figures 6B,E,H). With the additional temperature increase of 0.5°C from 1.5 to 2.0°C, the frequency of HWs in metropolitan areas (such as Beijing, Shanghai, Guangzhou) will decrease (Figures 6C,F,I). It should be pointed out that the frequency of HWs in our study is defined based on the HW events, so the reduction of frequency may not mean the decrease of high-temperature days, because the increase of HWs’ duration may reduce HWs’ frequency in the fixed summertime.
[image: Figure 6]FIGURE 6 | Spatial distributions of the difference in HW frequency over the three urban agglomerations between Exp 1.5-run and Exp HIS-run (A,D,G), between Exp 2.0-run and Exp HIS-run (B,E,H), and between Exp 2.0-run and Exp 1.5-run (C,F,I). The colored area indicates that the change is statistically significant at the 95% confidence level.
The variations of HW duration under different scenarios are illustrated in Figure 7. Compared with the historical period, when reaching the warming scenarios of 1.5 and 2.0°C, the urban agglomerations show a ubiquitous characteristic of prolonged HW duration at different latitudes from north to south, and the more southwards the urban agglomerations are located, the larger increases their HW duration will have. In those urban agglomerations, the regions with relatively larger HW duration growth can generally match the regions with higher HW frequency increase shown in Figure 6. As can be seen from Figures 7C,F,I, with the additional 0.5°C warming, the duration of HWs increases both in the urban areas and in the suburbs. Why does the frequency of HWs in urban areas decrease, while in the suburbs on the contrary (Figures 6C,F,I), and the duration of HWs in the suburbs increases more than that in urban areas? It may be because the current urban areas have higher frequency and longer duration of HWs than the suburbs due to the heat island effect. Therefore, under global warming, HWs’ frequency and duration increase within a limited extent in cities, while the suburbs have a greater growth space.
[image: Figure 7]FIGURE 7 | Spatial distributions of the difference in HW duration over the three urban agglomerations between Exp 1.5-run and Exp HIS-run (A,D,G), between Exp 2.0-run and Exp HIS-run (B,E,H), and between Exp 2.0-run and Exp 1.5-run (C,F,I). The colored area indicates that the change is statistically significant at the 95% confidence level.
Different from the changes in the frequency and duration of HWs, whether from the historical period to the 1.5 and 2.0°C warming periods or from 1.5 to 2.0°C warming, large increases of HW intensity are mainly concentrated over the urban underlying surface (Figure 8). This implies that the urban population will face stronger HWs in the future.
[image: Figure 8]FIGURE 8 | Spatial distributions of the difference in HW intensity over the three urban agglomerations between Exp 1.5-run and Exp HIS-run (A,D,G), between Exp 2.0-run and Exp HIS-run (B,E,H), and between Exp 2.0-run and Exp 1.5-run (C,F,I). The colored area indicates that the change is statistically significant at the 95% confidence level.
Furthermore, the future changes in the area-average frequency, duration, and intensity of HWs in each urban agglomeration are summarized in Table 1. It can be seen from the table that, under any scenario, the more southward the urban agglomerations are, the higher frequency, longer duration, and greater intensity their HWs will have, since the HW indices are related to the geographical latitudes of the urban agglomerations. Under the 1.5°C warming scenario, the frequency, duration and intensity of HWs are increased respectively by 50.4, 63.6, and 116.7% in BTH, 84.7, 84.6, and 123.2% in YRD, and 76.3, 109.8, and 130.4% in PRD compared with the historical period. Among the three HWs indices, the intensity grows the most. The additional warming of 0.5°C from 1.5 to 2.0°C will result in 15.5, 44.7, and 75.5% increases in the frequency, duration, and intensity of HWs in YRD, which are the largest among those of the three urban agglomerations.
TABLE 1 | The values and growth rates of the three HW indices in the three urban agglomerations over eastern China under historical and different warming scenarios.
[image: Table 1]Difference in Heat Wave Risks Between Urban and Non-Urban Areas
From the spatial distribution figures concerning the future changes in HWs’ frequency, duration, and intensity, we can see large spatial differences in each urban agglomeration, which mainly lie between the urban and non-urban underlying surfaces. Four major land cover types were selected to analyze their HW index values in each urban agglomeration in detail. Figure 9 shows the area-average HW frequency, duration, and intensity values of different land cover types in each urban agglomeration. Compared with other major land cover types, the urban areas have much higher frequency, duration, and intensity of HWs. The response of HW indices to the warming is more robust in the urban areas, especially under 1.5°C warming climate. In the scenario of 1.5°C warming, the HWs’ frequency, duration and intensity in urban areas of BTH are 3.73, 19.36, and 51.98 respectively. Compared to the respective values of HW indices over the dryland cropland and pasture, which are the biggest among those of non-urban land cover types in BTH, the above values in urban areas are 60, 68, and 144% higher. In YRD, the HW frequency, duration, and intensity in urban areas are 3.44, 22.96, and 41.49 respectively, and those values are 65, 83 and 140% higher than the respective greatest values for non-urban land cover, which all belong to the irrigated cropland and pasture in this case. The HW frequency, duration, and intensity in the urban areas of PRD are 4.71, 38.74, and 59.54 respectively, which are 74, 126, and 200% higher than those of the cropland and woodland mosaic, the largest among the respective values for non-urban land cover. In PRD, the differences in the values of HW indices between urban and non-urban areas are particularly significant. The foregoing results thus suggest a much graver future risk of HWs in urban areas than in non-urban areas.
[image: Figure 9]FIGURE 9 | Area averages of HW frequency (A), (B), (C), duration (D), (E), (F) and intensity (G), (H), (I) over four major underlying surfaces in each urban agglomeration (black represents the historical period, blue represents the 1.5°C warming period and red represents the 2.0°C warming period).
CONCLUSION AND DISCUSSIONS
Urban areas are more vulnerable to HWs due to the combined impacts of global climate change and their own local climate effects. In this study, the high-resolution downscaling results of WRF/UCM have been used to investigate the future changes of summer HWs under 1.5 and 2.0°C global warming over three urban agglomerations of eastern China. The results indicate that the WRF/UCM model can capture the basic features of summer temperature across urban agglomerations.
The results of downscaling projection based on the WRF/UCM show that the influence ranges of HWs in summer are significantly expanded, and the values of HWs indices are significantly increased compared with the data of the historical period. The growth rates of the three HWs indices can reach more than 50% in the 1.5°C warming period, and can even be higher than 70% in the 2.0°C warming period, during which the growth rate of HW intensity is more than 200%. An additional 0.5°C temperature increase from 1.5 to 2.0°C has the most significant impact on the future HWs of the YRD urban agglomeration; particularly, the HW intensity therein can increase by 75.5%, which is far higher than the other urban agglomerations.
The downscaled changes of HWs in the three urban agglomerations under the future warming of 1.5–2.0°C are qualitatively consistent with previous conclusions derived from statistically downscaled results of 19 CMIP5 models under RCP4.5 (Yu et al., 2017), although the magnitude of changes differs due to difference in extreme events definition and climate models used for projection (Li et al., 2018; Sun et al., 2019). But all results suggest that urban agglomerations would go through very extreme heat waves events if there is no climate change mitigation strategy being taken in the remainder of the 21st century.
It is noted that the possible changes of the HWs across three urban agglomerations in this study are under transient warming condition using CESM projection results. There has recent interest in understanding the differences of future changes of climate extremes between stabilized and transient warming situation (Sun et al., 2019; King et al., 2020; Ge et al., 2021). King et al. (2020) pointed out that there are substantial differences of temperature changes between transient and quasi-equilibrium states, relative to differences between the 1.5 and 2 °C global warming limits. Therefore, it is worthy of in-depth study of the differences in HWs between transient and equilibrium climates, which is of great significance for managing the risks of climate change.
On the other hand, the projections or statistically downscaled data based on coarse-resolution global climate system models used the regional averaged results to represent the future climate change in urban agglomerations, which is insufficient in urban areas (Bounoua et al., 2015; Zhao et al., 2021). This results derived from WRF/UCM model downscaled data demonstrate the warming response in urban areas is more prominent, compared with other major land cover types in each urban agglomeration. In the scenario of 1.5°C warming, the difference of HWs between urban and non-urban areas is particularly significant in PRD. Based on the CMIP6 data sets under all future scenarios, the greatest heat risk considering population or economy is projected in the PRD region (Chou et al., 2021; Zhang et al., 2021), which is consistent with our projections. The results should provide further scientific support for the mitigation and adaption of the future HWs risk in mega-cities.
However, only RCP4.5 was used in our analysis and various RCPs may cause uncertainties of the result. Uncertainties from the projections of various global models can also be another source of the uncertainties of the results. In addition, accurate land cover information is also important. It is necessary to perform further investigation to reduce the uncertainty in our results for better supporting the mitigation and adoption of the future HWs risk in the urban areas.
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On top of their well known positive impact on air quality and CO2 emissions, electric vehicles generate less exhaust heat compared to traditional vehicles thanks to their high engine efficiency. As such, electric vehicles have the potential to mitigate the excessive heat in urban areas—a problem which has been exacerbated due to urbanisation and climate change. Still, the heat mitigation potential of electric vehicles has not been fully understood. Here, we combine high-resolution traffic heat emission inventories with an urban climate model to simulate the impact of the fleet electrification to the near-surface air temperature in the tropical city of Singapore. We show that a full replacement of traditional internal combustion engine vehicles with electric vehicles reduces the near-surface air temperature by up to 0.6°C. The heat mitigation potential is highest during the morning traffic peak and over areas with the largest traffic density. Interestingly, the reduction in exhaust heat emissions due to the fleet electrification during the evening traffic peak hardly leads to a reduction of near-surface air-temperatures, which is attributed to the different atmospheric conditions during morning and evening. This study presents a new quantification of the city-wide impact of electric vehicles on the air temperature in a tropical urban area. The results may support policy-makers toward designing holistic solutions to address the challenge of climate change adaptation and mitigation in cities.
Keywords: urban climate, electric vehicles, heat mitigation, urban heat island, Singapore
1 INTRODUCTION
The combined effect of climate change and the urban heat island challenges the living conditions in cites, with consequences on human health, the economy and ecosystems (Revi et al., 2014). Cities are asked to take an active role in mitigating their contribution to global warming and associated climate change by reducing their CO2 emissions (Hsu et al., 2020). At the same time, they need to implement local measures to adapt to warmer conditions (hereinafter heat mitigation), which are inevitable even with the most optimistic CO2 emission pathways (IPCC, 2014).
Heat mitigation in cities involves interventions in one of the following aspects, which are the main drivers of the urban heat island: urban materials, urban form, vegetation and anthropogenic heat (Oke et al., 2017). Anthropogenic heat emissions are produced by building heating, ventilation and cooling (HVAC), vehicular traffic and human metabolism (Sailor, 2011; Sun et al., 2018). Several studies have been performed on the impact of measures on HVAC on the air temperature in urban areas (Salamanca et al., 2014; Takane et al., 2019; Jin et al., 2020). By contrast, the urban climate impact of measures on vehicular traffic is yet mostly unexplored (Zhu et al., 2017).
The vehicular market is experiencing a radical change, with a growing number of electric vehicles (EVs). The quickly increasing share of EVs can be attributed to technological advances and supportive policies that include financial incentives to buy them (IEA, 2020). Such policies are motivated by the long-recognised environmental benefits of EVs (Hardman et al., 2017) which include their positive impact on air quality (Liang et al., 2019) and CO2 emissions (Wolfram and Lutsey, 2016). Importantly, EVs are also expected to reduce the amount of exhaust heat released in the urban environment. The reduced exhaust heat in EVs compared to internal combustion engine (ICE) vehicles is due to the higher energy efficiency of EVs, i.e., the amount of energy which is transferred to the drive system. The energy efficiency of EVs is about 80–90%, while those of ICE vehicles is of about 13–20% (Muneer and García, 2017). Accordingly, a substantial fleet electrification (i.e., increasing share of EVs) is expected to reduce the amount of exhaust heat released by vehicles into the atmosphere. However, it is still unclear to what extent a reduced amount of exhaust heat from vehicles would translate into spatio-temporal changes in near-surface air temperature. Such knowledge is essential when assessing how an increased share of EVs could reduce the urban heat and its adverse impacts.
A first estimation of the heat mitigation potential of EVs has been derived by simply scaling the literature data on the contribution of traffic to the urban heat island intensity (Li et al., 2015). Using this approach, that study found that a full conversion to EVs could reduce the average urban heat island intensity by approx. 1°C (Li et al., 2015). Although the approach is interesting, the main problem with this estimation is that surface and canopy-layer urban heat island intensity data have been mixed. Given that the surface temperature shows much larger variability than the canopy-layer air temperature (Oke et al., 2017), these results are likely overestimated. Moreover, the authors did not investigate on spatial and temporal patterns of the impact.
Currently, the Cooling Singapore project (Cooling Singapore, 2021) is performing an in-depth investigation on the urban climate impact of vehicular traffic in the city-state of Singapore. A preliminary modelling study shows that vehicular traffic has a small but considerable warming effect in the urban area of Singapore (Singh et al., 2022). Employing the Weather Research and Forecasting (WRF) model (Skamarock et al., 2005; Chen et al., 2011), previous studies found that traffic contributes up to 1.1°C to near-surface air temperature and a full transition to EVs could produce a reduction up to 0.9°C. Further studies are needed to corroborate the results and to understand the mechanisms which drive the spatial and temporal variability of these effects.
In order to bridge this knowledge gap, this study investigates the impact of vehicular traffic on near-surface temperature using high-resolution urban climate modelling and high-resolution data on heat emissions from vehicular traffic. The heat mitigation induced by a full fleet electrification is quantified and compared to that of replacing individual air conditioning (AC) units with centralised AC units—another technological measures to reduce anthropogenic heat emissions in cities. The study focuses on the city-state island of Singapore. Located one degree north of the equator, the city-state island of Singapore experiences a tropical wet climate with abundant rainfall, high and uniform temperatures, and high humidity all year round. Singapore has the largest population density in the world and an abundant share of its territory (45%) is built-up (Yee et al., 2011; Gaw et al., 2019). It comes as no surprise that the anthropogenic heat is one of the largest contributor in the surface energy balance in Singapore. While buildings are responsible for the largest share (49–83%) of the total anthropogenic heat emission, exhaust heat from traffic makes up to one third in residential areas (Quah and Roth, 2012).
2 MATERIALS AND METHODS
2.1 Model Set-Up
The simulations are performed using the regional climate model COSMO-CLM (Rockel et al., 2008), coupled with a multi-layer urban canopy model (Schubert et al., 2012). The model also includes a building energy model (Jin et al., 2021), which computes the anthropogenic heat generation due to indoor space cooling. A summary of the model setup is provided in the Supplementary Table S1. The simulations were performed for the period 01–30 April 2016 and the first 5 days were discarded as spin-up time. The model is applied using three nested domains with horizontal resolution of 0.1° (∼10 km), 0.02° (∼2 km) and 0.004° (∼400 m) (Supplementary Figure S1). Initial and boundary conditions are provided by the ERA5 reanalysis (Copernicus Climate Change Service, 2017), and used to drive the coarsest model domain. Land use information for the year 2016 are derived from ESA CCI land cover (ESA, 2017). The information regarding the urban area is derived using a combination of high-resolution datasets and parameters that were derived from literature. Specifically, the urban canopy parameters were generated using a 3D city model including all buildings in Singapore (courtesy of A*STAR, Singapore) and a high-resolution urban land cover map (Gaw et al., 2019). The datasets were transformed into model-ready urban canopy parameters using the python tool UCPgenerator (Mussetti, 2019; Mussetti et al., 2020). An overview of the most important urban canopy parameters is given in Supplementary Figure S2. Thermo-physical properties of urban materials follow the values proposed by previous studies (Demuzere et al., 2017), which are representative of a low-rise residential area in Singapore (Supplementary Table S2). It should be noted that this is a simplification, since material properties can vary between districts with different building functions and types.
The building energy model used a target indoor temperature of 25°C and a constant operation throughout the day. As a default, it was assumed that the exhaust heat due to indoor space cooling is released at the height of the corresponding floor (Jin et al., 2020). This model option corresponds to the case of individual (split) AC units for each floor. Further information on the AC set-up is given in Supplementary Table S3. An additional simulation has been performed (AC scenario) were it is assumed that 25% of the indoor space cooling uses centralised units with exhaust heat at roof level instead of default split units. The AC scenario is used in the study to represent an additional measure to reduce the (near-surface) exhaust heat emissions.
2.2 Traffic Heat Emissions
The sensible heat flux produced by vehicles (Qv) is computed using the agent-based traffic simulator CityMoS (TUM CREATE, 2020). CityMoS has been calibrated with trip duration data and validated against speed-band information (Ivanchev and Fonseca, 2020). The travel demand for a typical day is extracted from travel surveys and scaled up for the whole vehicle population using person expansion factors. The demand is used to perform traffic assignment which computes routes for all commuter trips. Based on those routes, congestion levels on every road are estimated and used together with road and vehicle parameters to determine the amount of fuel used by every vehicle on every road segment for different parts of the day (Ivanchev et al., 2020). Agent-based traffic simulations have the advantage to estimate congestion levels, which are hardly captured by traffic counts (Ivanchev et al., 2020). Congestion levels can significantly influence the fuel consumption and thus the amount of heat produced. The amount of heat produced is assumed to be equal to the amount of fuel used and is aggregated for each grid cell (approx. 400 m × 400 m) on an hourly basis. Further information regarding the assumptions on fuel consumption and how it varies with type of vehicle, type of engine and speed are provided in Ivanchev et al. (2020). In summary, CityMoS generates spatial and diurnal temporal distribution of Qv for a typical day (Figure 1). However, it should be noted that variations in traffic density between days in the week and between weekdays and weekend-days are not accounted for.
[image: Figure 1]FIGURE 1 | Sensible heat emissions from vehicles (Qv). (A) shows the spatial distribution of the daily-averaged Qv in the scenarios REF (current vehicles composition); (B) shows the difference between FE (full fleet electrification) and REF; (C) shows the diurnal evolution of Qv in the two scenarios, where solid lines and shaded areas show the mean value and the variability between 5th and 95th percentiles, respectively. The grey area in (A) and (B) represents land surfaces.
2.3 Implementation of Traffic Emissions Into Model
Sensible heat flux emission from traffic (Qv) is released at the lowest model level and generates an increment to the air temperature according to Eq. 1:
[image: image]
where [image: image] is the increment of the air temperature due to traffic emissions (K s−1), Qv is the sensible heat flux from traffic (W m−2), ρ is the density of the air (kg m−3), cp is the specific heat capacity of air (kJ kg−1 K−1), dz is the height of the first model level (m), furb is the urban fraction (-), Vc is a volume correction factor to consider the presence of buildings (-) and fnat is the natural fraction (-), defined as fnat = 1−furb. Eq. 1 is added as source term in the equation of energy conservation. Qv is split between the urban and rural part of the grid cell, which is important since the volume of air in urban grid cells is reduced due to the presence of buildings.
2.4 Model Evaluation
The model results are evaluated against observations of near-surface (2 m) air temperature (T) and 10-m wind speed (u). The evaluation is designed to support a specific model application, which quantifies the impact of heat emissions from traffic on air temperature. As such, this study does not aim to perform a comprehensive model evaluation, which may require using a larger variety of observations and atmospheric variables.
Hourly observations of T and u are provided by the Meteorological Service of Singapore (MSS). From the available sites, only those placed at ground level are used for the evaluation. Observations at roof level have been discarded as recommended by the WMO (Jarraud, 2008). The location of the selected sites is shown in Supplementary Figure S3. The model performance is evaluated against the observations using the following metrics: root-mean-square error (RMSE), mean bias error (MBE) and coefficient of determination (r2). When comparing model results with observations, it is important to keep in mind that the individual sites can be exposed to micro-climatic features. Thus, a specific site is not always representative of the model grid cell and caution is required when interpreting the results of the model evaluation.
The comparison between observed and modelled near-surface air temperature is shown in Supplementary Figure S4. The statistical scores are listed in Supplementary Table S4. The model is able to reproduce the day-to-day and diurnal variability of T in the majority of the sites. The difference in the diurnal profile of T between sites close to the coast (S102 and S108) and those slightly inland is well modelled. Quantitatively, the comparison indicates a very small MBE, which is found at most sites. Values of RMSE are moderately larger but still within the range of what has been reported in other urban climate modelling studies over Singapore (Mughal et al., 2019; Simón-Moral et al., 2020; Singh et al., 2022). The moderately large RMSE may be due to the strong weather variability associated with the tropical climate (e.g., cloud cover change and precipitation).
The comparison between observed and modelled near-surface wind speed is shown in Supplementary Figure S5. The statistical scores are listed in Supplementary Table S4. The model is able to reproduce very well both the day-to-day and diurnal variability of u. Importantly, the model simulates well the evolution of the land-sea breeze, which peaks in the afternoon. Quantitatively, the comparison indicates a very small mean bias error (average MBE = −0.16 ± 0.3 m s−1). Strong wind speed events are not always captured by the model, which results in a moderate RMSE (average RMSE = 1.19 ± 0.1 m s−1). Still, the agreement with observations is generally better than what has been reported in other urban climate modelling studies (Mughal et al., 2019).
3 RESULTS
A full electrification of the fleet (FE) produces a reduction in near-surface air temperature compared to current fleet composition (REF) (ΔTFE = TFE − TREF, Figure 2). The daily-average ΔTFE is moderate and concentrated over the area with the largest traffic and urban density (max ΔTFE ∼−0.2°C). The reduction in the sensible heat emission from traffic (Qv, Figure 1) results in slight warming over areas with low traffic density. Secondary warming effects can be due to slight changes in thermally-driven circulation (e.g., sea-breeze) as well as changes in the local-scale urban heat advection (Bassett et al., 2016; Oke et al., 2017).
[image: Figure 2]FIGURE 2 | Full electrification of the fleet (FE) mitigates heat, mostly after the morning traffic peak in the central urban area. (A) shows the period-average near-surface air temperature difference (ΔTFE, °C) between FE and REF, (B) shows the period-average diurnal cycle of ΔTFE, (C) shows the period-average TFE at 9 local time (LT) and (D) shows the period-average ΔTFE at 19 LT. Only values over the urban area (defined as furb > 0.1) are shown.
The impact of FE is strongly dependent on the time of day (Figure 2B). FE has a large impact mostly during and shortly after the morning traffic peak. At 9 LT, FE reduces the near-surface temperature by up to ∼0.6°C (Figure 2C). Remarkably, FE has no significant impact during and shortly after the evening traffic peak (Figure 2C), even though the reduction in Qv during that time is comparable to that of the morning traffic peak (Figure 1).
As shown in Figures 2B,D a relatively heterogeneous model response was found in the afternoon, which highlights the model sensitivity to changes in sensible heat flux at the surface. In order to isolate the impact of FE from the internal model variability, statistical significance tests have been applied to the results (Supplementary Figure S6). ΔTFE is statistically-significant (p ≤ 0.05) over the area with highest traffic density during the morning. It is important to remark that the slight afternoon warming over areas with low traffic density is not statistically significant.
It is interesting to explore the conditions that determine the different response to the traffic heat emissions at the morning and evening traffic peaks. The contrasting response between morning and evening traffic peak may be attributed to changes in the atmospheric conditions (Figure 3). The heat mitigation (ΔTFE) due to a reduction in traffic heat emissions (ΔQv) is threefold in the morning (9 LT) compared to the evening (19 LT). ΔTFE was found to be correlated to the local wind speed (u) and the boundary layer height (HPBL), while urban morphology (fbld) appears to play a minor role. In other words, the reduction in traffic heat emissions has a stronger impact during low wind speed and shallow boundary layer conditions.
[image: Figure 3]FIGURE 3 | The contrasting response between morning and evening traffic peak may be attributed to changes in atmospheric conditions. Scatter plots of the heat mitigation (ΔTFE) of FE at 9 and 19 LT against the (A) reduction in traffic heat emissions (ΔQv), (B) near-surface wind speed (u), (C) boundary layer height (HPBL) and (D) fraction of building surfaces (fbld). The plot uses period-average hourly values. The solid lines and shaded areas represent the linear regression and the corresponding confidence intervals (95%), respectively.
The effect of a full fleet electrification (FE) has been compared with that of converting 25% of individual air conditioning (split) units to centralised units with exhaust release at the roof level (AC scenario, Figure 4). The heat mitigation (ΔTFE) from the AC scenario is much more uniform over the urban area than that of FE. Both FE and AC result in similar maximum impacts (∼0.2°C as daily mean ΔTFE), but the average impact of AC is 2.5 times larger. The most remarkable difference between FE and AC scenarios is their different temporal impact. While FE is only very effective during and shortly after the morning traffic peak, AC has a more homogeneous impact, with an almost constant heat mitigation during the night. The near-constant heat mitigation of AC during night-time may be partially due to the specific set-up with target temperature and constant schedule (see Section 2.1 and Supplementary Table S3). Nevertheless, FE and AC are both unable to reduce the near-surface air temperature during the central hours of the day (12–16 LT).
[image: Figure 4]FIGURE 4 | The heat mitigation of FE is more localised than measures on AC, both temporally and spatially. (A) shows the period-average near-surface air temperature difference (ΔTFE, °C) due to a full fleet electrification, (B) shows the period-average ΔTFE due to an increase in 25% in centralised AC (AC), (C) shows the period-average ΔTFE in the case of no traffic (NO TR) and (D) shows the period-average diurnal cycle of ΔTFE for the different scenarios.
4 DISCUSSION
4.1 Heat Mitigation Potential of Electric Vehicles
The results of this study indicate that the full fleet electrification (FE) produces a reduction in near-surface air temperature, which is moderate at the daily scale but substantial during the morning traffic peak (up to 0.6°C). In this work, the estimated heat mitigation potential of EVs is lower than what found by Li et al. (2015) but on the same order of what found by Singh et al. (2022). Beside differences in climatic and traffic conditions, we argue that the estimation provided by Li et al. (2015) may overestimate the heat mitigation potential of EVs due to oversimplification of the complex interactions between exhaust heat emissions and atmospheric dynamics.
Our study highlights that the fleet electrification, and in general other measures which reduce the anthropogenic sensible heat emissions (such as the use of centralised AC units), are inefficient in reducing the air temperature during mid-day. The mechanism behind this reduced impact during daytime can be attributed to the specific atmospheric and surface energy balance (SEB) conditions. On the one hand, the boundary layer height (HPBL) determines the vertical column over which the (reduction in) sensible heat (Q) is distributed. Daytime is generally associated with large values of HPBL (Stull, 2012), which makes even substantial reductions in Q (e.g., anthropogenic heat reductions) mostly ineffective. Additionally, daytime SEB is dominated by the net incoming radiation, which reaches values that are up to 1 order of magnitude larger than those obtained by a FE [500 W m−2 at noon, according to Roth et al. (2017)]. As such, reducing the air temperature during daytime remains challenging. Interventions on other drivers of the urban heat island are necessary to efficiently reduce the daytime air temperature in tropical climates. Of the possible solutions, increasing the fraction of urban vegetation and applying highly reflective roofs (cool roofs) were found to perform best on daytime heat (Li and Norford, 2016; Schwaab et al., 2021; Wong et al., 2021).
4.2 Limitations and Future Studies
We acknowledge that there are a number of limitations of the study. The impact of local radiative forcing from gaseous and aerosols emissions from vehicular traffic has not been considered here. Previous studies found either small negative (Massoli et al., 2009) and positive (Balkanski et al., 2010) values of radiative forcing due to vehicular traffic emissions. It is therefore still unclear what role traffic-related aerosols play in local thermal conditions.
The model simulations have been performed in the so-called turbulence grey zone, a spatial resolution where the assumptions of some of the physical parameterisation are no longer valid (Honnert et al., 2020). Nevertheless, the use of meso-scale numerical models in the grey-zone is a common practice and may still provide useful results.
Only traffic conditions related to a “typical day” have been used in this study. This assumption is arguably reasonable for calculating monthly averaged impact. However, the impact of variations in traffic density between weekday and weekend, and between different days in the week, was not estimated.
The heat mitigation potential of a full fleet electrification (FE) has been investigated here for a specific city (Singapore)—characterised by its own traffic intensity, (spatio-temporal) traffic pattern and background climate—during an individual month within the dry season. The values of heat mitigation potential of a FE found in this study are directly representative for cities with similar characteristics (e.g., cities in South-East Asia). Cities in different climates, even with similar traffic conditions, may experience slightly different heat mitigation potential from FE due to different atmospheric conditions (e.g., local circulation and boundary layer dynamics) (Stull, 2012). Therefore, further studies are required to consolidate the understanding of the heat mitigation potential of a FE in different traffic and background-climate conditions.
Finally, futures studies would be required to explore how the heat mitigation dynamics of reductions in exhaust heat from traffic (such as FE) correlates with population exposure and, ultimately, how that would contributes to reducing heat-related health risks. It is known that population dynamics have a substantial impact on residents’ exposure to urban heat (Yang et al., 2019). Given that vehicular traffic peaks arguably correlate (both spatially and temporally) with commuting patterns, it is therefore possible that the heat mitigation potential of a FE is just delivered at the time and places where most needed.
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The rapid process of urbanization has been accompanied by a disordered expansion of construction land, which has resulted in the degradation of ecosystem services. The identification of ecological security patterns (ESPs) is an important means to coordinating human-land relationships and carrying out ecological restoration strategies, which are of great significance to protecting ecological sustainability. However, previous studies have ignored the mutual impact of urbanization and ecological protection, which leads to the contradiction between them and useless of ESPs. This paper takes a rapidly urbanizing metropolitan area as an example. Ecological sources were identified based on the integration of ecosystem services and socioeconomic indicators by the Ordered Weighted Averaging (OWA) method, which considers the trade-off between ecosystems and socioeconomic systems. The Linkage Mapper tool was used to extract ecological corridors, and thus ecological barrier points and pinch points were identified to implement ecological restoration. ESPs included 158 ecological sources according to the results. In more detail, the ecological sources and corridors were mainly distributed in the area dominated by ecosystem indicators, whereas the central urban area contributed less ecological sources, which indicates that the trade-off between ecosystems and socioeconomic systems has a significant impact on the construction of ESPs. Specifically, 406 ecological corridors were classified into different resistance levels to extract 433.26 km2 barrier points and 458.51 km2 pinch points. The study also proposed primary and secondary ecological restoration strategies for medium-, high- and low-resistance corridors based on the optimization of ESPs, which could not only improve ecosystem quality, but also fulfil the demands of human well-being. The integration of ecosystems and socioeconomic systems improves the existing methods for identifying ecological sources and restoration priority areas, and provides a scientific basis for balancing the development of urbanization and ecological protection in metropolitan regions.
Keywords: ecological security pattern, ecosystem services, socioeconomic system, trade-off, OWA method, Guangzhou
1 INTRODUCTION
Along with the continuous urbanization of recent decades, disorderly expansion of urban construction land and significant loss of ecological land have restricted the sustainability of urban development (Feist et al., 2017; Peng et al., 2018; Zhai and Huang, 2022). Within a coupled human and natural system, the quantity and quality of the ecosystem services are impacted by anthropogenic disturbances, which affects regional landscape patterns and ecological security (Peng et al., 2017b). As a result, how to ensure the structural stability and functional security of natural ecosystems for sustainable urban development is an urgent issue (Li et al., 2015; Cumming and Allen, 2017; Serra-Llobet and Hermida, 2017). The construction of ecological security patterns (ESPs) was proposed to develop a method for improving ecological security. The ESPs, an interconnected ecological network composed of different ecosystems, is an effective approach to support biological species, maintain natural ecological processes and promote ecosystem services, as well as to achieve regional ecological sustainability (Su et al., 2016; Peng et al., 2018; Fu et al., 2020).The concept of ESPs was derived from landscape ecological planning in the 1990s (Yu, 1996). Many scholars have studied ESPs on different scales from the perspective of landscape ecology and urban planning (Peng et al., 2017b; Peng et al., 2018).
Landscape elements of key significance for ensuring regional ecological processes and ecosystem services, such as ecological sources, ecological corridors and strategic points, are all focused on ESPs (Dong et al., 2021; Gao et al., 2021). Therefore, the basic research paradigm of “identification of ecological sources, construction of resistance surfaces, and extraction of ecological corridors” has been gradually formed (Zhang et al., 2017). The strategy for selecting ecological source areas is fundamental to the construction of an ESPs, which is mainly conducted through assessing the ecological sensitivity, ecological importance or connectivity (Su et al., 2016) (Zhang et al., 2017). The method of identification of ecological sources has changed from the direct selection of nature reserves to the evaluation of ecosystem services that affect regional ecological security (Peng et al., 2017a; Wu et al., 2018). The integration of multiple ecosystem services, such as water yield and biodiversity protection, has been applied to source identification (Peng et al., 2018; Fu et al., 2020).
Integrating various components of coupled human and natural systems is necessary to address complex interconnections and to identify effective solutions to sustainability challenges (Liu et al., 2015). However, ecosystem services and human activities are seldom considered jointly in the assessment of ESPs (Wang et al., 2019); most studies have not adequately considered the ability to fulfill people’s demand for ecosystem services when identifying sources of ESPs, which still focus on ecological patches as the supplier of ecosystem services, ignoring the interaction between ecosystems and human socioeconomic systems (Zhang et al., 2017). These ecological patches with the ability to fulfill human demand (e.g., cultural ecosystem services) is essential to consider when evaluating their capacity to form part of the source area.
It is worth noting that previous studies that considered an integrated valuation approach weighting various overlapping types of ecosystem services, may have overlooked the relationships (trade-offs or synergies) between these services. This may have either induced space competition among multiple ecosystem services or undermined the causal interrelationship among multiple ecosystem services (Dai et al., 2017; Zhao et al., 2020; Pan and Li, 2021). There is thus an urgent need to study and balance the trade-offs among multiple ecosystem services in decision-making processes (Zhang et al., 2015). One of the multicriteria evaluation methods, the ordered weighted averaging (OWA) operator, was first developed in the context of fuzzy set theory (Yager, 1988). The use of the OWA method has proven to be an effective approach in decision-making processes, and proposed a set of scientific and flexible planning methods to balance multiple conflicting ecosystem services in ESPs construction processes (Zhao et al., 2020; Pan and Li, 2021). Moreover, increasing economic development has led to urbanization in previous undeveloped areas (Deng et al., 2021), and caused many ecological and environmental problems in the meanwhile. The increasing ecosystem services may lead to the control of the development of urbanization (Li et al., 2022). These are issues needed to be discussed, the mutual impact of urbanization and ecological protection has not been considered and the trade-off between ecosystems and the socioeconomic system is still unclear. To address this gap, socioeconomic indicators should be considered to integrate with ecosystem services in order to construct the ESPs. Therefore, the OWA method was introduced to resolve the contradiction between ecological protection and urbanization decisions in this study. The optimization of ESPs in most of the current studies focused on the improvement of the evaluation process (Peng et al., 2018; Wang et al., 2019). However, there was little research on optimization after the establishment of ESPs (Fu et al., 2020). ESPs can provide a practicable way for ecological restoration to spatially identify key landscape elements; existing studies have identified key restoration areas in ecological corridors, pinch points, break and barrier points (Wang et al., 2018; Fang et al., 2020), and put forward zoning ecological restoration solutions (Ying et al., 2019; Ni et al., 2020). In addition, the ecological restoration of a coupled ecosystem and socioeconomic system based on ESPs is still in its infancy.
In recent years, Guangzhou has grown rapidly and has spread in a disorderly manner (Fan et al., 2018), and the ecological land has been seriously damaged, which seriously affects the welfare of the residents (Zhang et al., 2020). Hence, the Municipality government of Guangzhou proposed a framework of ecological networks and corridors in the metropolitan area and municipal administrative area according to ecological civilization construction planning (2016–2020). There have been similar approaches to constructing an ecological network of Guangzhou and to improving environmental protection under rapid urbanization (Zhao et al., 2017; Yang et al., 2018). However, previous approaches focused solely on ecological elements, such as forest land, natural reserves and the habitats of crucial species, without using an ecosystem service importance evaluation. The studies mentioned above only assessed the landscape connectivity, failing to consider both the importance of ecosystem services and socioeconomic indicators, as well as restoration strategies. Therefore, it is urgent to move the process of ecological protection and restoration forward in order to identify key restoration regions for Guangzhou based on the optimization of the ESPs.
Based on the above considerations, the research objectives were to identify ecological sources by comprehensively evaluating the integration between ecosystem and socioeconomic indicators, to build ESPs based on the lowest cost path and identify the barrier point and pinch point for the corridors and to propose the optimization of the ecological restoration regions on the basis of ESPs.
2 MATERIALS AND METHODS
2.1 Study Area
Guangzhou is the central city in the Guangdong-Hong Kong-Macao Greater Bay Area, with a total area of 7434.4 km2. There are eleven municipal districts in Guangzhou (Figure 1). Having a topographical structure of densely forested mountains, the northern area is the ecological supporting area of Guangzhou. The central area, with its topography of hilly and basins, is the location of the socioeconomic center. Besides, the southern area is also a potential area for the future development of construction land due to the plain topography. With the rapid socioeconomic development of Guangzhou in the past decade, the construction land has expanded rapidly and the population has grown about 500,000 people per year. Therefore, Guangzhou has become one of the cities where the conflict between urban development and the ecological environment is most prominent in the Greater Bay Area (Li et al., 2021).
[image: Figure 1]FIGURE 1 | (A)is the site of the study area, (B) is the elevation of the study area, (C) is land cover types of the study area.
2.2 Data
The basic data in this study mainly include: 1) the 2020 Globe Land 30M surface coverage dataset from Globe Land http://www.globallandcover.com/; 2) the 2020 GDEMV2 30M resolution digital elevation data from NASA https://search.earthdata.nasa.gov/search/; 3) Guangdong Province 30M resolution soil erodibility factor dataset from National Science and Technology Infrastructure Platform - National Earth System Science Data Center http://www.geodata.cn; 4) 2020 MODIS MOD13Q1 NDVI 16-days data from NASA https://modis.gsfc.nasa.gov/data/; 5) 2020 monthly values of basic elements of China’s international exchange station for meteorological radiation and monthly values of China’s ground climate data from the National Meteorological Science Data Center http://data.cma.cn/; 6) 2020 national urban road dataset from Gaode Map https://www.amap.com; 7) 2020 Guangzhou city POI data from Gaode Map https://www.amap.com; 8) NPP/VIIRS annual nighttime lighting index sourced from National Oceanic and Atmospheric Administration https://ncc.nesdis.noaa.gov/VIIRS/; 9) 100 m population density raster dataset for 2020 sourced from worldpop https://www.worldpop.org/; (10) Guangzhou City Park Directory http://lyylj.gz.gov.cn/attachment/6/6806/6806818/7295517.pdf
3 METHODOLOGY
3.1 Indicator Assessment
As shown in Table 1 and Figure 2, The assessment of the importance of ecosystem services is the basis for the construction of ESPs. In terms of the topography and land cover types of Guangzhou, the study area is facing some ecological problems of soil erosion, massive destruction of native vegetation, habitat fragmentation and the decline of water yield. Therefore, ecosystem services of Soil Conservation (SC), Habitat Quality (HQ) and Water Yield (WY) were selected as indicators and Carbon Fixation (CF) was also selected because it is a quantitative approach to the delineation of ecological redline for ecological protection in planning. In the meanwhile, due to the incomplete parks and recreation system and increasing demands of cultural ecosystem service in the study area, Cultural Service (CS) was also selected as ecosystem indicators. On the other hand, the degree of Land-use Development (LD), Population Density (PD) and Nighttime Data (NT) were selected to represent the socioeconomic system (Ding et al., 2019).
TABLE 1 | Assessment methods.
[image: Table 1][image: Figure 2]FIGURE 2 | The research framework.
3.2 Correlation Analysis
According to the previous study, ecosystem and socioeconomic indicator trade-offs and synergies were based on linear data fitting, which can show the direction and intensity of interactions between each of the two indicators (Li et al., 2020). In this study, we first used Pearson correlation analysis to form a correlation matrix by using the GGally package in R, version 4.1.1 The values of eight types of indicators were randomly extracted from a total of 50,000 locations at the scale of the study area. The Pearson correlation coefficients between two indicators were calculated and tested for significance. When the correlation coefficient between two indicators is positive, there was synergy between them. When the correlation coefficient is negative, there were trade-offs between the indicators (Chen et al., 2021). The magnitude of its absolute value reflects the degree of trade-offs or synergy between the indicators. Complex trade-offs may exist among different indicators of the same factor, while specific trade-offs may exist between the ecosystem and socioeconomic system.
3.3 Multicriteria Evaluation
Multicriteria evaluation (MCE) can measure and evaluate regional suitability by weighing multiple relationships (Valente and Vettorazzi, 2008). The OWA method can weigh different decision objectives to determine the optimal decision by performing spatial operations on each evaluation metric. OWA method presents different decision sets by considering the trade-off relationships between different criteria (Chen et al., 2021). OWA method can weigh different decision objectives to determine the optimal decision by controlling each evaluation indicator for spatial operations and balance multiple conflicting indicators in the decision-making process. By considering the trade-offs between different criteria, different decision scenarios were simulated and different decision sets were presented. The formula is as follows (Zhao et al., 2020):
[image: image]
where xij is the standardized comprehensive evaluation index value; sij is the sequence value arranged in descending order by xij through the size of the attribute value; wi is the order weight arranged in descending order by xij through the size of the attribute value; n is the number of indicators.
According to different decision risks, the bit-order weights generated and the trade-offs obtained based on the bit-order weights under various decision risks were calculated as follows:
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In the formula, QRIM is the monotonical rule function; wi is the number of the bit order; n is the number of indicators; α is the decision risk coefficient under different decisions.
In this study, seven decision scenarios (α of 0.001,0.1,0.5,1,2,10,1000)were presented, It shows that under the decision scenario of α < 1, ecology space will be restricted protected or even reach the scenario of Complete Protection. On the other hand, changes in decision making from α = 1 to α = 1,000 gradually shows the scenario of developing with the risk of ecological destruction (Li et al., 2022). In the process of OWA method, eight evaluation indicators were min-max normalized from 0 to 1 and ranked in descending order by the mean size of the normalized values to obtain the rank order weights of each indicator. The decision risk level was ordered into seven types, and a total of eight decision scenarios were dynamically generated for different decision levels. By multiplying the rank order weights of each indicator with the weighted weight values of the eight assessment indicators and their indicator values, comprehensive ecosystem and socioeconomic evaluation maps can be obtained under different scenarios. The top 20% of each scenario were identified as ecological priority areas based on the comprehensive evaluation map (Chen et al., 2021). By comparing the degree of trade-off in different scenarios, the scenario with the highest degree of trade-off was selected as the optimal scenario. In this scenario, ecological conservation and socioeconomic development will be in dynamic balance, and the city will be in a state of effective conservation while developing (Li et al., 2022).
3.4 Building the Ecological Security Pattern
3.4.1 Ecological Source
In this study, ecological sources were identified by combining ecosystem and socioeconomic system. Ecological priority areas of a certain size are essential for the material and energy connection of the ecological network (Cui et al., 2020). Referring to previous studies and the actual situation of Guangzhou (Long et al., 2018), our study integrated and screened all [image: image] areas from ecological priority areas as ecological sources (Mao et al., 2020).
3.4.2 Ecological Corridor
Urban ecological corridors connect ecological sources in the urban system network (Mao et al., 2020). The resistance surface is the key to influencing material and energy flow between ecological sources. Therefore, the resistance surface value was determined based on the comprehensive evaluation value of the ecosystem and socioeconomic system. In particular, we normalized the integrated assessment value raster to calculate the resistance of the raster with the following equation (Peng et al., 2018).
[image: image]
where Ri is the surface value of resistance in grid i; Ai is the comprehensive evaluation value in grid i.
In the next step, the least-cost path was calculated by the Linkage Mapper tool and set the maximum cost-weight distance as 20,000 (Xu et al., 2021a). Linkage Mapper filters the optimal corridors from the source to the neighboring source to map the optimal paths by simulating the minimum cost distance accumulated by ecosystem services (Song and Qin, 2016). This study identifies each ecological corridor’s average resistance level by the ratio of the cost-weighted distance of each least-cost path to the Euclidean distance between sources. The corridor ratios were separated by the natural breakpoint method into extremely high resistance, high resistance, medium resistance, low resistance, and extremely low resistance (Su et al., 2021).
3.4.3 Barrier Point Analysis
Barrier points are high-resistance areas that prevent ecological corridors from connecting to the ecological source (Pan and Wang, 2021). In this study, the Barriers Mapper function in the Linkage Mapper tool was used to identify ecological barriers by setting 250, 500, 750 and 1000 m as the search radius. Five intervals were set based on the identification results by the natural breakpoint method, and the highest-value interval was selected as the barrier point (Wang et al., 2022).
3.4.4 Pinch Point Analysis
Ecological pinch point is a high-flow, key node in the ecological process, that should be protected as a priority. Pinch points play an important role in ecological connectivity, being in areas of high resistance and making a large contribution to connecting ecological corridors (Peng et al., 2018). Pinch points can be identified using the Pinch point Mapper function in the Linkage Mapper tool. In this study, the analysis results were divided by the natural breakpoint method. The category with the highest current values (which means the least average resistance distance) is extracted as the ecological pinch point (Zhu et al., 2020).
4 RESULTS
4.1 Indicator Assessment
The normalization result of each indicator value was shown in Figure 3. The high values of HQ and SC were located in the northern area and river around the southern area, and therefore would be rich in biodiversity and high soil retention. Besides, the high value of CF was concentrated in the northern area due to the high vegetation cover and woodland there. What’s more, there was a relatively low WY capacity due to the effects of high urbanization in the central area. By contrast WY was generally at high value in the northern and southern areas because of abundant precipitation and the impact of rivers in the study area. However, compared with other ecosystem indicators, the high value areas of the CS are situated sporadically in the large forest parks and landscape areas from northern and central area in hilly. In addition, the indicators from the socioeconomic system including LD, PD and NL were highly similar. Their high value was concentrated in the highly urbanized areas in the central area and the southern area under rapid development (Ding et al., 2019).
[image: Figure 3]FIGURE 3 | Spatial pattern of ecosystem and socioeconomic system indicators in Guangzhou.
4.2 Correlation Analysis
The study calculated the correlation coefficients among the comprehensive evaluation indicators (Figure 4).The correlation coefficients between ecosystem indicators generally showed a positive correlation. Most indicators’ correlation indices were concentrated in the range of 0.1–0.5. The correlation between CF-WY (0.544) and CF-HQ (0.705) showed a significantly positive correlation, indicating synergies between these two relationships, while CS weakly correlated with WY and SC at 0.012 and 0.037, respectively. On the other hand, the data revealed significant positive correlations between the socioeconomic indicators.
[image: Figure 4]FIGURE 4 | Correlation matrix.
Overall, all indicators show negative correlation between ecosystem and socioeconomic system, which indicates that there was an apparent trade-off relationship between them.
4.3 OWA Method for Different Scenarios
As shown from Table 2, with the increase in the decision risk coefficient, the rank order weight of high-level comprehensive evaluation indexes decreases continuously. In contrast, the rank order weight of low-level comprehensive evaluation indicators increases continuously.
TABLE 2 | Bit order weight operators under different decision risk scenarios.
[image: Table 2]Under different scenarios, the top 20% of the comprehensive evaluation value was selected as the ecological priority area. Consequently, the map of ecological priority areas under different scenarios was shown (Figure 5). From the seven different types of scenarios (Table 3), it can be seen that the decision result was optimistic at α = 0.001,0.1,0.5. The high-value areas were mainly concentrated in the north and south of the study area, and most of the land types in the ecological priority protection areas were woodlands. Obviously, this type of scenario makes it difficult to develop construction land and maybe not easy to meet the growing population needs of megacities. Meanwhile, the criterion weights of all indicators in this study were 0.125 when α = 1. The high-value areas were evenly distributed throughout the study area, and the ecological priority areas were mainly forest land at that time. Moreover, farmland, water area and construction area occupy part of the ecological priority area. The comprehensive evaluation weighting value was the largest when α = 1. However, when α = 2,10,1000, the decision result was pessimistic. The high-value area was concentrated in the central area, and the ecological priority protection area was mainly dominated by construction land. The indicator of the socioeconomic system currently dominates the comprehensive evaluation indicator, and the area was at a high-risk level. As the ecological risk gradually increases, the ecological priority area changes from green space, woodland and grassland, to farmland and construction areas.
[image: Figure 5]FIGURE 5 | Ecological priority area of different scenarios in Guangzhou.
TABLE 3 | Changes in the proportion of land use in ecological priority areas under different scenarios.
[image: Table 3]4.4 The Ecological Security Pattern of Guangzhou
4.4.1 Ecological Source
By simulating the decision risk of each scenario in the OWA method, the result (α = 1), with the highest trade-off was selected as the final scenario. Therefore, the comprehensive evaluation was shown in Figure 6A and resistance surface was shown in Figure 6B based on the final scenario. In this study, spots of more than 1 km2 were selected as ecological sources of the study area.
[image: Figure 6]FIGURE 6 | (A) is comprehensive evaluation, (B) is resistance surface.
According to Figure 7, the number of ecological sources was 158 and the total area of ecological sources was 1,085.34km2, accounting for 15.03% of the total area of Guangzhou.
[image: Figure 7]FIGURE 7 | Ecological source and corridor.
From the spatial layout, most ecological sources were distributed in the northern area, accounting for 84.91% of the total area of ecological sources.
The ecological sources in the central area account for 8.88% of the total area of ecological sources. This revealed the fragmentation of green space caused by the expansion of urban construction areas in the central area of Guangzhou, as there were relatively few ecological sources with eligible area and high comprehensive evaluation values.
Moreover, the area of ecological sources in the southern part accounts for 6.21% of the total area of ecological sources. The ecosystem values were much lower than those of the northern part of the study area, where woodland was the main land cover type. The socioeconomic system indicators were lower than those of the central area due to the lack of urbanization activities and population density, which results in a low overall evaluation value. Ecological sources were spatially scattered, and the area of individual sources was small.
Most of the ecological sources were woodland, accounting for 85.58% of the total area of ecological sources, with a small proportion of water land and construction land. Due to the trade-offs between ecosystem and socioeconomic system, the sources in the northern and southern area were mostly dominated by ecosystem indicators. Moreover, the ecological sources in the central urban area were generally dominated by economic indicators.
4.4.2 Ecological Corridor
In total, 406 major ecological corridors with a total length of 1520 km and an average length of 3.3 km were identified in Guangzhou. As shown in Figure 7, the ecological corridor in Guangzhou was uniformly distributed, changing from dense in the northern area to sparse in the southern area.
The northern area in Guangzhou has the largest number of ecological corridors, with 334 in total. There was a short average corridor length due to the dense and continuous distribution of ecological sources. Some of the smaller ecological sources connect the northern area through dense, low-cost-distance corridors, occupying most of the area. Therefore, most of the northern corridor could maintain the connectedness of the whole area. There was the lowest number of ecological corridors in the central area, at 30. The spatial layout of corridors in this area was in a circular radial shape. The socioeconomic system index-driven ecological sources link the northern and southern parts, increasing ecological space connectedness in the central zone. However, the average cost distance of corridors in the region was much higher. There were 41 ecological corridors in the southern area. Due to the remote distance between ecological sources, the average distance of corridors was relatively long, and they have a higher cost distance. The southern area was in its initial development stage, and the socioeconomic conditions were far lower than the central area.
Overall, 30 extremely high-, 65 high-, 161 medium-, 147 low- and 2 extremely low-resistance corridors were identified. Extremely high- and high-resistance corridors were normally distributed in the north area, at extremely close distances among the ecological sources. However, the intervening patches of extremely low ecological value significantly reduce the connectedness of the corridor between two sources. Furthermore, medium-resistance corridors were generally located in two ecological sources with longer cost-weighted distances. The complex and various land-use types have an impact on the overall resistance of the corridor.
4.4.3 Barrier Point Analysis
Comparing the results of the different radii, the four different radii have a similar range of barriers. The search results from a smaller radius can accurately search for a higher barrier score in the fine area in the corridor. Therefore, a 250 m radius was selected to identify ecological barrier point and the total area was 433.26 km2 (Figure 8A).
[image: Figure 8]FIGURE 8 | (A) is ecological barrier point, (B) is ecological pinch point.
Most of the ecological barrier points were located in the farmland and construction land. When it comes to the spatial layout, there were a large number of scattered barrier points in the northern part of the study area, and it would be very difficult to completely remove them in the future. In the central and southern areas, there were large-scale barrier points. Corridor connectivity can be significantly improved by removing barrier points in this area. Ecological restoration measures should be recommended for optimization.
4.4.4 Pinch Point Analysis
The results (Figure 8B) show that the ecological pinch points were mainly located in the northern area. Pinch points were mostly situated in woodland, with a small amount in farmland and construction land. On the other hand, in the southern area, the proportion of pinch points in farmland and construction land was significantly higher.
The narrow pinch point area acts as a catalyst for corridor connectively when the relatively high-resistance patches spread around the area. However, the analysis of ecological corridors with different resistance types shows that although the study identifies high-value pinch points, they were mostly in low-resistance corridors. Medium- and high-resistance corridors were impeded by the disorderly encroachment of construction land in the northern and southern areas, resulting in the fragmentation of green space and farmland patches. The fragmented areas were highly mixed with various land-use types, and therefore contribute less to connectivity.
5 DISCUSSION
5.1 Significance for Integration of Ecosystem and Socioeconomic System
Previous studies directly select forest patches or habitat areas of wild animals as source areas, but the subjective interference in this selection method was large. Although good accessibility was considered in this selection method, the results only identified ecological patches as the sources of Guangzhou (Yang et al., 2018). Therefore, the high comprehensive value areas in other land-use types tend to be ignored. Furthermore, by changing the selection criteria of sources, the importance of core patches could also be quantitatively evaluated based on the structure of ecosystem and ecological sensitivity (Peng et al., 2017a; Su et al., 2022). The ecosystem services-based ESPs were regarded as an effective method for strengthening the integrity of ecosystems and socioeconomic systems (Fan et al., 2021). It is reasonable to rank patches based on their multifunction of providing key ecosystem services, however, the interaction between the ecosystem and human socioeconomic system cannot be neglected due to the role of ESPs in figuring out the contradiction between ecological land protection and urban development.
We proposed a comprehensive selection method containing five crucial ecosystem services in Guangzhou; aside from regulation and provision ecosystem services, cultural services were also included to quantify the importance of ecological areas. To understand the relationship between ecosystem and socioeconomic system, several scenarios based on the OWA method were compared to identify the ecological sources. Our approach identified the demand for human well-being and the ability to provide effective services (Peng et al., 2017a). Green space and parks in the central part of Guangzhou were also extracted, although the patches were fragmented due to the expansion of construction land. Specifically, a small proportion of construction land also extracted due to the trade-offs between ecosystem and socioeconomic system, which can be identified as the strategic points in the ESPs. Our selection method, therefore, is more conducive to the identification of ecological sources.
In the context of global climate change and anthropogenic disturbances, socioeconomic development will lead to more prominent eco-environmental problems (Liu, 2016). Aiming to solve problems of ecological security,the Guangzhou government has carried out a series of projects and plans such as ecological protection redline, however, these “bottom-line” policies mainly concerned ecological space while neglected the human-land contradiction in metropolitan area (Xu et al., 2021b), or neglect the potential crucial patches outside the ecological protection redline (Ye et al., 2018). To address this gap, this study considered both the ecosystem and socioeconomic system to construct the ESPs. It is worth noting that the most ecological sources were distributed in the hilly area with woodland, which tend to be threatened by unforeseeable human activities. It should be of great concern to integrate ecosystem and socioeconomic system to deal with future climate changes and sustainable development.
5.2 Limitations and Challenges
Previous studies mostly used the artificial discrimination method to eliminate results directly, but it was not easy to determine the ecological sources (Fu et al., 2020). In this study, the ecological sources were selected under the specified threshold, and as a result, ecological sources in the southern and central areas of Guangzhou were much less abundant than in the northern area. Several important “green core” areas such as Dafu Mountain, Seagull Island, and Huang Shan lu forest park were identified. Some important patches such as Nansha wetland in the southern area were eliminated due to their small area, though they may have potential value in other ecosystem services. Future study is still needed to determine the rationality of the threshold, and the assessment indexes need to be enhanced to make sure that the ecological sources are in their best state.
Referring to related studies, the selection of ecosystem indicators is mainly based on support, cultural and regulating services. However, the farmland is usually contributed to the provision of ecosystem services and may be underestimated when the study does not select food production as an indicator (Xu et al., 2014). As a result, high-quality farmland in the southern area may not be highly valued, leading to a reduction in ecological sources in the south. Therefore, the range of evaluation indicators could be expanded in future studies, which could add into the integration of ecosystem and socioeconomic system relationships in comparison with the results of current studies.
The connectivity of heterogeneous landscapes can be effectively identified by the least-cost path. However, the identification of corridor importance merits further discussion (Song and Qin, 2016). Circuit theory can provide multiple potential corridors and contribute to identifying corridors of priority importance (Liu et al., 2021; Pan and Wang, 2021), but it is not possible to intuitively investigate corridor movement pathways and connectivity because of random-walk (LaPoint et al., 2013). Therefore, we use the intuitive least-cost path to describe the priority of each corridor and ratio of cost-weighted distance to length to determine the relative resistance. This could be more flexible in researching corridor connectivity. However, compared with circuit theory it is still insufficient in identifying the importance of multiple pathways (McRae et al., 2008).
Different ecological corridor widths have an impact on the identification of ecological barrier points and pinch points. Consequently, they can provide the scientific basis for the definition of ecological restoration and protection areas in ecological corridors (Hou et al., 2021). An agreement regarding the widths of different ecological corridors has not yet been reached (Peng et al., 2017c). Therefore, determining the widths of corridors is an essential point in the implementation of ESPs (Zhai and Huang, 2022). However, this has not been discussed due to the constraints of the study, but should be considered in future research.
5.3 Optimization and Restoration
Different strategies should be proposed depending on the land-use types of different areas. For the northern areas dominated by the ecosystems, it is necessary to consider this area as the role of the ecological supporting area and focus on ecological conservation strategy. Ecological protection areas such as forest parks should be strictly protected, while appropriate recreational services should be provided as rationally direct ecological resources. For the central area, which is dominated by socioeconomic systems, small green spaces should be constructed and distributed throughout the area. Moreover, green spaces should be designed to deliver recreational and cultural characteristics, balancing ecosystem values with socioeconomic system values. In addition, in the southern area, which is a potential area for urban construction in Guangzhou according to Territorial Spatial Planning, the expansion of construction land should be rationally restricted to prevent the shrinkage of ecological space. Strategies such as exposure to green space and ecological greenways (Zhang et al., 2021), which can deliver different kinds of ecosystem services and enhance the multifunctionality of corridors, are recommended to integrate complementary ecosystem connectivity (Carlier and Moran, 2019).
Corridors play an important role in the maintenance of ecological processes (Peng et al., 2018). Furthermore, in order to implement ecological restoration in ecological corridors, the areas of barriers points and pinch points should be given more priority (Peng et al., 2018). Medium-to-high-resistance ecological corridors should be set as priority areas for future ecological restoration. Ecological restoration should start by prioritizing the removal of ecological barriers. In urban spaces, corridors should be connected by road green belts and greenways. It is possible to improve the corridor barrier points by enriching the green space with various types, vegetation species and vertical structures. Furthermore, the barrier point can be also improved by combining green and blue spaces to form an ecological network and green infrastructure (Yu et al., 2020), which simultaneously contribute to human well-being and sustainable climate adaption planning (Ignatieva et al., 2011; Monteiro et al., 2020; Yang et al., 2020; Yu et al., 2021). When it comes to the connectedness of farmland, high-standard farmland should be interpenetrated by building connecting channels within the space which could interfere with the corridor’s connectivity.
Ecological pinch points should be a conservation priority, including strategies to maintain and recover the areas (Castilho et al., 2015). It is necessary to integrate the fragmented patches through land consolidation, which can integrate different spaces with various land-use types in a unified way and carry out spatial reconfiguration. Low-resistance ecological corridors should be flexibly maintained. These scattered barrier points can be set as secondary areas for ecological restoration and can be gradually improved by nature-based solutions (Bush and Doyon, 2019). In the future, the area needs to avoid being divided into fragmented spaces. Throughout the stages of development, these areas should be centrally classified by a unified authority, which will also facilitate maintenance at a later stage.
6 CONCLUSION
Although previous studies have identified ecological security patterns based on multiple ecosystem services, traditional methods only identified what were considered “ecological patches” as the suppliers, and lacked integration between ecosystems and the socioeconomic systems. This study selected comprehensive evaluation indicators including ecosystems and socioeconomic systems to identify ecological sources, introducing the OWA method from the perspective of trade-off. The highest trade-off scenario was selected and, finally, the ecological sources and resistance surfaces were identified.
There were 158 ecological sources with an area of 1,085.34 km2 and 406 ecological corridors with a total length of 1506 km in Guangzhou. The pattern of ecological sources and corridors from various areas were influenced by the dominant ecosystem or socioeconomic system, which indicates that the trade-off between ecosystem and socioeconomic system has a significant impact on the construction of ESPs. Moreover, ecological barrier points and pinch points with total areas of 433.26 and 458.51 km2, respectively, were recognized to implement ecological restoration. This study also proposed primary ecological restoration strategies for medium- and high-resistance corridors. A large number of scattered barrier points were located in the northern area and large-scale barrier points were generally situated in the central and southern areas. Therefore, restoration strategies including enriching vegetation types and vertical structures and building green belts and greenways should be proposed to restore large-scale barriers points. When it comes to pinch points, land consolidation strategies such as construction land reclamation and farmland preservation should be implemented in medium- and high-resistance corridors, while buffer zones should be constructed to enhance the resilience of low-resistance corridors. This could achieve the win-win scenario of preserving ecological space while furthering urban development.
The integration of ecosystems and the socioeconomic systems was used as a fundamental basis to improve the existing methods of constructing ecological security patterns. The proposed ecological restoration solutions based on this method contribute to the overall improvement of the connectivity of the ESPs, offering a reference for balancing the development of urbanization and ecological protection in other metropolitan areas.
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Observational and numerical modeling studies continue to affirm the existence of the “urban rainfall effect” (URE), or a discernible anomaly in warm season precipitation due to urbanization. However, the literature has been lacking a progression towards the predictability of the URE. Atlanta, Georgia has consistently appeared in the literature because of its well-studied urban rainfall anomalies. Using the Multi-sensor Precipitation Estimates (MPE) dataset and the ERA-Interim reanalysis dataset, an 18-year period (2002–2019) is examined. Three similar but distinct methods are used to define urban rainfall days (URDs), or periods when the precipitation in the urbanized areas of Atlanta are greater than the surrounding rural areas. A combination of compositing, wind rose, and k-means cluster analyses are employed to extract the synoptic framework supportive of the URE in Atlanta, Georgia. The synoptic-scale compositing analysis reveals that there are a consistent set of meteorological ingredients that are needed to produce an URD, including weaker-than-average southwesterly-to-northwesterly flow at 700 hPa, copious amounts of moisture throughout the tropospheric column, and a background low-level convergent flow. Composite atmospheric soundings reveal that there is enhanced moisture throughout the tropospheric column on URDs, leading to marginal instability that favors localized convection across the Atlanta metropolitan area. The study also provides clarity on how often the URE is present (roughly 8% of the time) during warm season days across the Atlanta metropolitan area. Taken together, this synoptic framework will aid in the forecasting of the URE in Atlanta and can be easily applied to other cities.
Keywords: urban, rainfall, synoptic, Atlanta, K-means, MPE, reanalysis
1 INTRODUCTION
More than half of the global population lives in urban spaces, and that number may exceed 65% by 2025 (Shepherd et al., 2013). The literature chronicles how urban environments modify weather and hydroclimate (Seto and Shepherd, 2009; Debbage and Shepherd, 2019). Like urban heat islands, urban effects on the hydroclimate have increasingly become well-understood. For decades, a scholarly question loomed regarding the role of urbanization on precipitation processes (Landsberg, 1956; Shepherd et al., 2002; Mitra and Shepherd, 2016). A host of investigators employed field campaigns (Shepherd et al., 2013), remote sensing platforms and long-term observations (Shepherd et al., 2002; Mote et al., 2007; Jin and Shepherd, 2008; Mitra et al., 2012; McLeod et al., 2017; Johnson and Shepherd, 2018), or numerical weather models (Schmid and Niyogi, 2013; Debbage and Shepherd, 2019) to answer the following fundamental questions:
Can cities, via urban landscapes and/or associated aerosol processes, initiate or modify precipitating cloud systems?
If so, what processes are of first-order significance in urban-influenced precipitating storms?
Liu and Niyogi (2019) recently established, with some degree of conclusiveness, that urbanization affects rainfall processes. Key findings from their meta-analysis established or confirmed several long-standing issues within the urban hydrometeorological community. While historical studies from the METROMEX (i.e., Metropolitan Meteorological Experiment) era argued that urban effects on rainfall are primarily downwind of the city, their analysis revealed that urbanization modifies rainfall in distinct spatial patterns around the central business district of a city: 18% downwind, 16% over the city, 2% on the left, and 4% on the right relative to storm direction. This is consistent with work by other investigators as well (Ashley et al., 2012; Bentley et al., 2012) and an important step in establishing what Shepherd et al. (2010) called the “urban rainfall effect,” or URE. The URE is a broad term that captures the various ways that the urban environment modifies the initiation or modification of precipitation processes.
While the concept of the URE has been established for many cities using a variety of methodological approaches, the predictability of urban-generated rainfall remains largely unexplored. Previous studies (e.g., Bentley et al., 2012) have shown that the URE occurs most frequently during periods of weak synoptic flow, and McLeod et al. (2017) revealed that the magnitude and spatial pattern of urban-induced rainfall around Atlanta, Georgia was dependent on the synoptic flow regime. In addition, Dixon and Mote (2003) have shown that low-level moisture, rather than the intensity of the urban heat island, was the most significant predictor of urban-generated convection for the city of Atlanta. However, only a limited effort has been focused on identifying which meteorological variables in the synoptic-scale environment most effectively distinguish days exhibiting the URE. Bentley et al. (2012) revealed that a synoptic environment characterized by moderate thermodynamic instability was most favorable for producing urban convection and rainfall over Atlanta. Herein, the research was motivated by the following questions: (1) Can urban-generated rainfall be predicted with satisfactory skill for a city that has a strong URE during the warm season, such as Atlanta, GA? and (2) If so, which suite of meteorological variables can be used to most effectively distinguish days with a detectable URE from those days lacking a URE signal?
This paper provides a potentially “first of its kind” attempt at establishing a framework for predicting the URE. Building upon the work of McLeod et al. (2017), we use the city of Atlanta as a testbed for the analysis. Section 2 will provide an overview of the data and methodology, and Section 3 presents results. Section 4 summarizes key conclusions and potential pathways forward.
2 MATERIALS AND METHODS
2.1 Data
One novel aspect of this study is the use of the Multi-sensor Precipitation Estimates (MPE) dataset to create a database of urban rainfall days (URDs). MPE (Fulton et al., 1998; Seo, 1998; Seo et al., 2010) is a gridded precipitation product that blends Doppler radar estimates and observations from station gauges. The use of this gridded dataset offers a more complete representation of precipitation across the study region, which is particularly important given the convective nature of precipitation during the warm season. The network of station gauges across northern Georgia is not be able to adequately capture convective precipitation totals at the local scale, but Doppler radar provides estimated precipitation totals that can aid in filling these coverage gaps. Our analysis spanned the period 2002–2019 (18 years), which reflects the availability of MPE data. The spatial resolution is approximately 4 km × 4 km, while the temporal resolution is defined as a hydrologic day, or the 24-h period extending from 1200 UTC to 1200 UTC. The high spatial resolution reflects another important reason for using the MPE dataset in this study. It is important to acknowledge that typical inaccuracies associated with Doppler radar (e.g., bright band contamination, Z-R relationships, spatial coverage, precipitation type, and range issues) and station gauges (e.g., wind, siting, and undercatch) will affect the precipitation estimates analyzed in this study (Smith et al., 1996; Sieck et al., 2007; Seo et al., 2010).
The ERA-Interim reanalysis dataset (Dee et al., 2011) is employed to construct synoptic-scale composite maps of the following meteorological variables: 500 hPa geopotential heights, 700 hPa vertical velocity, 700 hPa wind speed, 2-m dew point temperature, integrated vapor transport, precipitable water, and 1,000 hPa divergence. This dataset is produced from a 4-dimensional variational (4D-Var) analysis of observations over a 12-h analysis window. The spatial resolution is 0.75° × 0.75° (80 km × 80 km), and the temporal resolution is 6-hourly (0000, 0600, 1200, 1800 UTC), which was further aggregated to the daily scale for this study. The period of record used for the ERA-Interim reanalysis is the same as that of the MPE dataset.
The ERA-Interim reanalysis is also used to create a daily database of 700 hPa wind speed and direction over the metropolitan area of Atlanta. Shepherd et al. (2002) noted that the 700 hPa level can be used for defining prevailing wind flow in urban climatology studies. The average of four ERA-Interim reanalysis grid cells centered over the Atlanta area (32.75–34.25°N, 83.5–85°W) was used to develop the wind climatology. While the 700 hPa wind climatology could have been developed from atmospheric sounding data collected from nearby Peachtree City, GA (KFFC; located about 25 miles southwest of downtown Atlanta), there are a few advantages to using the reanalysis data. First, atmospheric sounding data is only collected twice (1200 UTC and 0000 UTC) per day, whereas the 6-hourly resolution of the reanalysis dataset provides a more precise daily average of 700 hPa winds. In addition, the gridded reanalysis data can be used to compute a more spatially representative average of the 700 hPa wind field across the Atlanta metropolitan area, while the sounding data provides a more localized, point-based estimate of 700 hPa winds.
The third key dataset used in this study is the archive of atmospheric soundings provided by the University of Wyoming’s Department of Atmospheric Science (University of Wyoming, 2020). During the 18-year period from 2002 to 2019, sounding data were gathered at KFFC for every day during meteorological summer (JJA). However, only soundings launched at 0000 UTC each day were collected since we are only interested in the most convectively active portion of the day. Because each sounding has a different number of observations at unique pressure levels, a linear interpolation scheme had to be applied to pressure, air temperature, dew point temperature, and wind components. Thus, composite soundings were constructed from these interpolated values, similar to Schroeder et al. (2016).
2.2 Methods
The analysis in this study was restricted to the core of the convective season, which we define as meteorological summer (JJA). Previous scholars (e.g., Hand and Shepherd, 2009; Mote et al., 2007) have noted that there is less large-scale atmospheric forcing and more locally-forced convective activity during this period of time. Similar to Hand and Shepherd (2009) and McLeod et al. (2017), a geographic framework with nine equally-sized grid cells is applied to the city of Atlanta, Georgia. Specifically, the grid is centered on downtown Atlanta, with the central MPE pixel located at approximately 33.77°N and 84.39°W. Each grid cell is 9 × 9 MPE pixels, or approximately 36 km × 36 km. Thus, the total grid is 27 × 27 MPE pixels, or approximately 108 × 108 km. The approximate geographic bounds of the total grid are as follows: 33.23–34.36°N and 84.93–83.80°W. Figure 1 shows the average daily precipitation across the Atlanta metropolitan area from 2002 to 2019, coupled with an overlay of the grid cell framework. Similar to Figure 3 in McLeod et al. (2017), the urban enhancement of summer precipitation over and downwind of Atlanta can be readily observed in Figure 1A. Climatologically, the entire 9-grid region is within a maritime tropical regime, so the enhancement of warm season rainfall (yellow, orange, and red shading) over and to the east of the central business district of Atlanta is indicative of the URE and consistent with previous literature (Shepherd et al., 2002; Mote et al., 2007). Figure 1B shows the average daily precipitation during summer over a broader region of the central and eastern United States. The urban enhancement of precipitation is still clearly visible over and downwind of the Atlanta metropolitan area. These figures serve as the foundation for all analyses conducted in this study.
[image: Figure 1]FIGURE 1 | (A) Mean daily precipitation during meteorological summer (JJA, 2002–2019). The 9-cell gridded framework is indicated by the black-outlined boxes. (B) Same for the entire southeastern U.S.
Recent studies are increasingly refining what “downwind” means within the context of these studies. Earlier studies from the METROMEX era (see Shepherd et al., 2013 for a review) and into the early 2000s (Shepherd et al., 2002) operated under the assumption of a “fixed” downwind region based on climatology. McLeod et al. (2017) and Schmid and Niyogi (2013) have found that the URE is strongly a function of the prevailing wind regime such that the “downwind” effect may vary around the urban area.
For each day during the study period, the average precipitation amount was computed for each of the nine grid cells centered on the Atlanta metropolitan area. In order to define an URD, two methods were selected from previous studies and one novel method was devised. Three methods were used in this study to account for sensitivity in selecting URDs, with the goal of creating a more robust, comprehensive definition of an URD. The first method was adapted from Debbage and Shepherd (2015), who established that the intensity of an urban heat island was equal to the minimum temperature averaged over the urban area minus the minimum temperature averaged over the rural area. Similarly, we define an URD as the average precipitation over the central urban grid cell minus the precipitation averaged across the remaining 8 “rural” grid cells. Thus, an URD is observed when this relationship is positive, or the average precipitation over the central urban grid cell exceeds the average precipitation across the remaining 8 “rural” grid cells. The second method was adapted from Mote et al. (2007), who compared radar-based precipitation data over an urban grid cell centered on Atlanta with a more rural grid cell located immediately to the west. We use the same procedure for our second method for defining an URD, where an URD is observed when the average precipitation over the central urban grid cell exceeds the average precipitation over the more rural grid cell located to the west. Finally, a novel third method was created to test whether the average precipitation observed across the urban core, eastern, and northeastern grid cells were greater than the average precipitation over the remaining six grid cells. McLeod et al. (2017) showed that the greatest rainfall anomalies occur climatologically in the urban core, eastern, and northeastern grid cells due to the prevailing southwesterly-to-northwesterly mid-tropospheric wind flow during the summer. Therefore, an URD would occur if the precipitation averaged across the urban core, eastern, and northeastern grid cells exceeded that of the remaining six grid cells. This novel third method is customized for the Atlanta metropolitan area, but future work could explore whether this method can be used for other regions, depending on the local mid-tropospheric wind pattern.
Figure 2 shows the percentage of URDs by month and season for the three different methods. The first method based on Debbage and Shepherd (2015) is clearly the most conservative of the three methods, as only 30 percent of all summer days from 2002 to 2019 are classified as URDs. In contrast, over 40 percent of all summer days are classified as URDs for the Mote et al. (2007) and novel methods. Similar monthly patterns emerge among the three methods, as all three observe their greatest percentage of URDs during July. The Debbage and Shepherd (2015) and Mote et al. (2007) methods record their least percentage of URDs during June, while the novel method records its least percentage of URDs during August.
[image: Figure 2]FIGURE 2 | Percentage of urban rainfall days by month and season (2002–2019) for the three different methods employed in this study.
A HYSPLIT (Hybrid Single-Particle Lagrangian Integrated Trajectory) backward trajectory analysis was conducted for the 99th percentile and greater URDs (n = 17 days), based on the novel method of defining URDs (Stein et al., 2015; Rolph et al., 2017). Each trajectory was initialized over Atlanta and run backward in time for a total of 72 h using the North American Regional Reanalysis (NARR) dataset. Three distinct trajectories initialized at 10 m, 500 m, and 1,500 m above ground level were computed for each daily simulation. Finally, the hourly latitude and longitude coordinates for all of the 17 trajectory simulations were averaged together to form single composite trajectories at the three heights above ground level.
Zhang et al. (2020) used a k-means cluster analysis in their assessment of urbanization and rainfall variability. However, the cluster analysis was used for categorizing the intensity of urbanization. Herein, a k-means cluster analysis was performed on the daily MPE data spanning each summer (JJA) season from 2002 to 2019, resulting in a total of 1,652 days for analysis. This sample of 1,652 days was partitioned into 8 clusters, in which each daily observation is assigned to the cluster with the nearest mean. Thus, the precipitation values for each pixel depicted in Figure 12 represent the nearest means, or the centers of each cluster. A total of 8 clusters was chosen to provide enough variability in the cluster partitioning so that an urban signal could be detected. A sensitivity analysis was conducted by selecting 7 and 9 clusters, but the results were generally similar to the analysis using 8 clusters. Because the urban signal was more robust in the 8-cluster analysis, it was chosen for further examination.
3 RESULTS
3.1 Synoptic-Scale Composites
The synoptic-scale compositing analysis reveals that there are a consistent set of meteorological ingredients that are needed to produce an URD. Because the three methods produce very similar composite maps across all seven meteorological variables, only the maps for the most conservative method (i.e., Debbage and Shepherd, 2015) are displayed in the corresponding figures below. It is important to note that the anomalies for each map were calculated as the difference between the average of all URDs and non-URDs during 2002–2019. While the magnitude of the anomalies may appear small, it is likely just a function of the time of year being analyzed (i.e., summer) and the mesoscale nature of the precipitation pattern under examination.
In Figure 3, the composite map for 500 hPa geopotential heights indicates that Atlanta is caught between weak negative anomalies to the west and stronger positive anomalies to the northeast. Both the negative height anomalies over the Great Plains and the positive height anomalies over the Mid-Atlantic and Northeast U.S. are statistically significant based on a Z-score test. This anomaly pattern should promote west-southwesterly flow and advection over the Atlanta area, which is consistent with the wind rose analysis presented in Figure 4. Figure 5A shows that negative anomalies of 700 hPa vertical velocity are present over the Atlanta metropolitan area, indicating upward motion is occurring downstream of the weakly negative 500 hPa height anomalies over the Central Plains region. Figure 5B indicates that slightly weaker-than-average 700 hPa winds are present over Atlanta. This is consistent with the results of McLeod et al. (2017), who found that positive rainfall anomalies over the urban core of Atlanta are often associated with weaker-than-average 700 hPa winds. Low-level moisture is anomalously high over the Atlanta area, as depicted in Figure 6. Dixon and Mote (2003) found that low-level moisture was more important than UHI intensity in producing urban-generated precipitation over Atlanta. In addition, Figures 7, 8 reveal that positive anomalies of precipitable water and integrated vapor transport are present across the Atlanta metropolitan area during URDs. Thus, the entire atmospheric column is moister compared to average, which is supported by the composite sounding analysis shown later in Figure 10. Schroeder et al. (2016) found that for extreme urban flooding, precipitable water values were typically in the 1–3% range of historical values.
[image: Figure 3]FIGURE 3 | Composite anomaly map of 500 hPa geopotential height for URDs compared to non-URDs. Cross hatching (dot hatching) indicates height anomalies that are at least 1 standard deviation greater (lower) than the sample mean. The 9-cell gridded framework centered on Atlanta is indicated by the black-outlined boxes.
[image: Figure 4]FIGURE 4 | 700 hPa wind roses corresponding to (A) climatology, (B) the Debbage and Shepherd (2015) method of defining URDs, (C) the Mote et al. (2007) method of defining URDs, and (D) the novel method of defining URDs.
[image: Figure 5]FIGURE 5 | Composite anomaly map of (A) 700 hPa vertical velocity and (B) 700 hPa wind speed for URDs compared to non-URDs. The 9-cell gridded framework centered on Atlanta is indicated by the black-outlined boxes.
[image: Figure 6]FIGURE 6 | Composite anomaly map of 2-m dew point temperature for URDs compared to non-URDs. The 9-cell gridded framework centered on Atlanta is indicated by the black-outlined boxes.
[image: Figure 7]FIGURE 7 | Composite anomaly map of precipitable water for URDs compared to non-URDs. The 9-cell gridded framework centered on Atlanta is indicated by the black-outlined boxes.
[image: Figure 8]FIGURE 8 | Composite anomaly map of integrated vapor transport for URDs compared to non-URDs. The 9-cell gridded framework centered on Atlanta is indicated by the black-outlined boxes.
In Figure 9, a HYSPLIT backward trajectory analysis is presented for the 99th percentile and greater URDs (n = 17 days), according to the novel method of defining URDs. It is clear that the most extreme URDs are characterized by low-level moisture transport from the Atlantic Ocean, while mid-level moisture transport occurs from the Gulf of Mexico. This deep-layer moisture transport from two subtropical bodies of water supports the positive anomalies in both precipitable water and integrated vapor transport that were shown over the Atlanta area in Figures 7, 8.
[image: Figure 9]FIGURE 9 | HYSPLIT backward trajectory analysis for the 99th percentile and greater URDs (n = 17 days). The trajectories are color-coded as follows: 10 m above ground level (red line), 500 m above ground level (blue line), and 1,500 m above ground level (green line).
Given that the synoptic environment on URDs are supportive for convection, a composite of 1,000 hPa divergence was conducted. Figure 10 shows that a broad area of convergence is present on URDs as compared to non-URDs. We hypothesize that the background convergent flow is a condition supportive of convective forcing at the meso-gamma scale associated with the urban environment itself. Shepherd el al. (2010) and Debbage and Shepherd (2019) found evidence of enhanced low-level convergence in their modeling studies of urban-enhanced convective precipitation.
[image: Figure 10]FIGURE 10 | Composite anomaly map of 1,000 hPa divergence for URDs compared to non-URDs across the Southeast region (A) and the metropolitan Atlanta area (B). The 9-cell gridded framework centered on Atlanta is indicated by the black-outlined boxes.
The compositing results suggests that a synoptic urban convective regime (SUCR) represents a baseline environment supportive of the urban rainfall effect. However, additional analysis is required to add credibility to the SUCR hypothesis.
3.2 Wind Rose Analysis
In Figure 4, 700 hPa wind roses for the three methods of defining URDs (Figures 4B–D) are compared against the climatological wind rose for all summer days during 2002–2019 (Figure 4A). While it is evident that the climatological wind rose is nearly identical to the other three wind roses, there are some important points that can be made with respect to URDs. First, URDs can occur under any wind direction at 700 hPa, but they are most commonly observed when the flow is southwesterly-to-northwesterly. Indeed, over 50% of URDs for any of the three methods observed southwesterly-to-northwesterly flow at 700 hPa. McLeod et al. (2017) captured this finding when describing the urban rainfall signature around Atlanta as “flow regime dependent.” In addition, URDs can occur under a wide range of 700 hPa wind speeds, but they most commonly occur when wind speeds are between 5 and 10 knots. Around one-third of URDs for any of the three methods observed 700 hPa wind speeds between 5 and 10 knots. McLeod et al. (2017) showed that slower 700 hPa wind speeds were more effective at producing positive precipitation anomalies directly over the Atlanta urban core, while faster wind speeds tended to be associated with enhanced precipitation downwind of the Atlanta urban core.
3.3 Composite Atmospheric Soundings
Figure 11 presents composite atmospheric soundings for all URDs identified using each of the three methods. Each sounding has a set of dashed and solid air temperature and dew point temperature lines. The dashed lines represent the climatological mean sounding for every June–August day during 2002–2019, while the solid lines represent only the URDs. The air temperature lines are mostly on top of each other, indicating very little difference between URDs and climatology. However, the dew point temperature lines for URDs are consistently warmer and closer to the air temperature lines, when compared against climatology. The atmosphere during URDs is thus more moist compared to the climatological average summer day, and this enhanced moisture can be found throughout the tropospheric column. Finally, the wind profiles reveal that flow is predominately westerly throughout much of the atmospheric column, with an increase in speed as pressure decreases with height.
[image: Figure 11]FIGURE 11 | Composite soundings corresponding to (A) the Debbage and Shepherd (2015) method of defining URDs, (B) the Mote et al. (2007) method of defining URDs, and (C) the novel method of defining URDs. Each sounding has a set of dashed and solid air temperature (red) and dew point temperature (green) lines. The dashed lines represent the climatological mean sounding for every June–August day during 2002–2019, while the solid lines represent only the URDs.
These soundings indicate marginal instability, or the condition when localized convection is favored over widespread thunderstorm activity. The urban environment of Atlanta via the heat island and convergent forcing can more effectively initiate convection during periods of weak instability when the mesoscale dominates any synoptic-scale processes. These findings are strongly supported by Dixon and Mote (2003), who also performed a comparison of soundings between UHI-induced precipitation events and their climatological study period. While they found that both air temperature and dew point temperature differed significantly between UHI-induced precipitation days and average days, the differences for dew point temperature were much greater in magnitude, particularly in the bottom half of the troposphere (Dixon and Mote, 2003). This led them to conclude that low-level moisture, rather than UHI intensity, is the dominant factor controlling the occurrence of urban-generated convection.
3.4 K-Means Cluster Analysis
Figures 12A–H show the results of the k-means cluster analysis, with the 8 clusters mapped across the Atlanta, GA region. Over 60% of the sample corresponds to days with relatively minimal precipitation (Cluster #2), which is consistent with the summertime climatology of thunderstorm activity across the Atlanta metropolitan area (Rose et al., 2008; Bentley et al., 2012). Most days during the summer are characterized by little to no convective precipitation. The next highest (∼20%) percentage of days occurs in Cluster #7, where the greatest precipitation occurs over northern portions of the region and within the urban core of Atlanta. This cluster provides some indication of an urban rainfall effect over the I-285 corridor of Atlanta, but the most compelling evidence of an urban rainfall effect can be found in Clusters #1 and #4. Though collectively occurring only about 8% of the time, these two clusters reveal a pronounced urban rainfall signal, as precipitation is maximized immediately over and downwind (i.e., to the east) of downtown Atlanta. Taken together, the results of this cluster analysis confirm that the urban rainfall effect can be readily detected in the summertime precipitation climatology across the Atlanta metropolitan area.
[image: Figure 12]FIGURE 12 | K-means cluster maps (1–8), with the percentage of days associated with each cluster located at the top of each map.
4 DISCUSSION
Overall, this study has moved the literature a step forward towards the predictability of the urban rainfall effect. Using a combination of synoptic compositing, wind rose, and k-means cluster analyses, a set of ingredients supportive of the urban rainfall effect in the Atlanta area are presented as representative of a synoptic urban convective regime (SUCR):
• Primarily southwesterly-to-northwesterly flow at 700 hPa
• Weaker-than-average winds at 700 hPa
• Weakly negative (strongly positive) 500 hPa height anomalies to the west (northeast)
• Anomalously moist surface and atmospheric column
• Background low-level convergent flow
Our analysis, possibly for the first time, also quantifies how often the urban rainfall effect occurs during the warm season. The k-means cluster analysis suggests that the urban rainfall effect is detectable in about 8% of the sample days.
Ultimately, the urban rainfall effect will need to be a part of detailed predictive capabilities by forecasters and modeling systems. This study has laid a basic foundation for understanding the synoptic-scale environment that is supportive of the urban rainfall effect. This could provide some initial guidance for forecasters on large-scale conditions in order to refine localized precipitation or lightning guidance around cities. Future regional modeling studies can evaluate our findings by conducting simulations of case days representative of this synoptic urban convective regime under varying urban landscape scenarios. A limitation of this study is the focus on one geographic region. Future studies should consider other cities and methodologies like self-organizing maps.
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Urban heat islands (UHIs) have become one of the most critical issues around the world, especially in the context of rapid urbanization and global climate change. Extensive research has been conducted across disciplines on the factors related to land surface temperature (LST) and how to mitigate the UHI effect. However, there remain deficiencies in the exploration of LST changes across time and their relationship with underlying surfaces in different temperature ranges. In order to fill the gap, this study compared the LST of each month by using the quantile classification method taking the Landsat 8 images of Nanjing on May 18th, July 21st, and October 9th in 2017 as the subject and then calculated the differences between July and May as well as that between July and October by an intersection tool taking the LST classes of July as the baseline. Additionally, the spatial pattern of each temperature class and intersection area was analyzed with the help of several landscape metrics, and the land contribution index (LCI) was utilized to better quantify the thermal contribution of each underlying surface to the area. The results indicated that the difference between months mainly reflected in the medium temperature area, especially between July and October, in which landscape patterns illustrated a trend of fragmentation and decentralization. The proportions of underlying surfaces in different types of intersection revealed the distinction of their warming and cooling degrees over time, in which the warming degree of other rigid pavement was higher in the warming process from May to July, and the cooling degree of buildings was greater in the cooling process from July to October. The LCI of each underlying surface in the entire study area was different from that in each temperature class, indicating that underlying surfaces had distinguished thermal contributions in different temperature ranges. This study is expected to fill the gap in previous studies and provide a new perspective on the mitigation of UHI.
Keywords: land surface temperature, spatial distribution, urban heat island, underlying surfaces, classification, intersection, land contribution index
INTRODUCTION
The global climate change has become an indisputable fact. According to the report Climate Change 2021: Fundamentals of Natural Science released by the IPCC in August 2021, “The temperature of the past 10 years is likely to be the highest in 125,000 years…extreme high temperatures (including heat waves) continue to increase in frequency and intensity over most land areas of the world” (Veal, 2021). More than 356,000 heat-related deaths were reported in 2019, according to the Lancet, and that number is likely to increase with the rise in global temperature (Ebi et al., 2021; Jay et al., 2021).
With the expansion of the global population, urban areas are expected to absorb virtually all of the future growth of the world’s population as well as provide necessary resources and services, leading to more rapid urbanization than ever before (Desa, 2019). However, it is accompanied by a series of urban issues, among which the UHIs effect has attracted the most attention. Due to the energy imbalance caused by changing underlying surfaces and increased anthropogenic heat in urban areas (Oke, 1982), UHIs would bring not only an unpleasant thermal comfort experience (He et al., 2020) but also a series of social equality, energy consumption, and ecological environment issues (He et al., 2022). Heat waves pose a great threat to human health, especially to vulnerable groups in cities (Markevych et al., 2017). It not only directly threatens human health through high temperature but also indirectly increases the incidence of respiratory diseases, and cardiovascular and cerebrovascular diseases (Anderson and Bell, 2011; Xu et al., 2020). In hot weather, people have to increase the frequency of indoor air conditioning and other refrigeration appliances, resulting in higher energy consumption. In turn, the heat discharged from these devices to outdoor spaces will aggravate the local heat island effect and reinforce a vicious circle (Xu et al., 2019). Particularly, high temperatures would affect the economic production of certain industries and increase excess spending on electricity, water, cooling facilities, healthcare, and medical services (He et al., 2022). More seriously, rising temperature could lead to environmental pollution and drought (Makhelouf, 2009; Mazdiyasni and AghaKouchak, 2015; Van Ryswyk et al., 2019), with significant negative effects on plant growth and wildlife habitat, further worsening ecosystems (United Nations, 2021).
UHIs effect is usually quantified in terms of temperature differences between urban and rural areas or between heat islands, cold islands, and their surroundings. The distinction lies in the definition of a rural area or the scope of the surrounding environment. This article summarizes the commonly used methods for calculating the UHI effect, as listed in Table 1. Apparently, many scholars have proposed a variety of calculation methods according to their research focus, which is helpful to understand the UHI effect from different perspectives but will possibly lead to contradictory results that are not universal across regions (Huang et al., 2018; Peng et al., 2018; Li and Zhou, 2019). The Local Climate Zone scheme proposed by Stewart and Oke addresses this issue and standardizes the surface structure and cover description, thereby standardizing urban and suburban/rural sites for temperature comparison (Oke and Stewart, 2012), which is a very useful tool for studying the UHI effect across regions. However, the LCZ requires a large amount of detailed information about the study sites through survey and assessment, which is more suitable for an in-depth study of surface properties and their relationship with the UHI effect (Das and Das, 2020; Zhao et al., 2021). In this study, which focuses on the qualitative research of LST and underlying surface types at an early stage, a more feasible and replicable way is applied to classify the LST into several classes based on the quantile method, which may help diminish the error between different definitions of UHI intensity.
TABLE 1 | Measurement methods of the UHI effect in the literature (Wang et al., 2020).
[image: Table 1]A number of research studies have discussed the annual and seasonal variations of LST as well as its driving factors, including the local climate (Zhou et al., 2016), terrain (Abbas et al., 2021), urbanization level (Chao et al., 2020), land use types (Zhou et al., 2014; Guha and Govil, 2020; Guha et al., 2021), landscape metrics (Masoudi and Tan, 2019; Zhang and Wang, 2020), biotope types (Vulova and Kleinschmit, 2019), building morphology (Chen et al., 2021), and tree canopy (Elmes et al., 2017). But most of them place emphasis on high-temperature areas while neglecting medium-temperature areas, and mainly aim at a specific time while barely analyzing it from a continuous-time sequence. To better understand the formation mechanism of urban climate and the roles of various factors, it is of great significance to investigate the changing trend of temperature at all ranges over time.
It has come to an agreement that underlying surfaces play a leading role in the formation of a UHI (Zhang X. et al., 2017; Stanganelli and Gerundo, 2017; Huang et al., 2019), in which natural surfaces like urban green spaces (UGS) and water bodies can effectively alleviate the UHI (Zhao et al., 2011; Sun et al., 2019; Erdem et al., 2021). Due to photosynthesis, evapotranspiration, and shadowing effects, vegetation in the UGS influences the physical environment of cities by selectively absorbing and reflecting incident radiation, and regulating latent and sensible heat exchange (Oke, 1987). At the same time, the water bodies could absorb and store more heat because of their high specific heat capacity (Ghosh and Das, 2018; Dudorova and Belan, 2019). It should be noticed that their cooling effect has thresholds regarding the size, shape, connectivity, complexity (composition and configuration), seasonal and diurnal difference, latitude, and climate difference (Yu Z. et al., 2020). However, most studies study the relationship between surface temperature and underlying surface focusing on the whole area, while little attention is paid to the differences within the area; in other words, areas with different temperature ranges may have various performances due to different thermal properties.
Based on the aforementioned discussion, the previous studies have a few deficiencies in the neglect of the LST change from a continuous-time sequence, and its relationship with the underlying surface in different temperature ranges. In order to make up for those deficiencies, this study uses the quantile method to classify the LST of different months into several classes for better normalized research and uses an intersection tool to compare the difference in spatial distribution between months. In addition, the thermal contribution of different underlying surfaces in different LST classes and its variation with time are analyzed. This article is a great reference for cities going through rapid urbanization and attempting to integrate natural elements into urban centers as it takes Nanjing as the research subject due to its predominant geological location and typical urban morphology in China. In summary, this article focuses on addressing the following two issues: (1) how the spatial distribution of LST changes in different months and (2) how the thermal contribution of different underlying surfaces changes across time.
MATERIALS AND METHODS
Study Area and Data Source
Nanjing (31°14′–32°37′N, 118°22′–119°14′E) is a megacity in the Yangtze River Delta economic development zone of China with a history of over 1800 years. The total area of Nanjing is approximately 6,587 km2, and the population of permanent residents is about 9.3 million (Nanjing Bureau of Statistics, 2019). Located in a subtropical monsoon climate zone with four distinct seasons and abundant rainfall, the average temperature of Nanjing is 17.1°C and the total precipitation is 1,294.4 mm in 2020 (Nanjing Bureau of Statistics, 2019). The topography of Nanjing comprises low mountains, hills, plains, rivers, and lakes, with elevations ranging from 7 to 448 m a.s.l. This study selected approximately 280 square kilometers in the city center area of Nanjing for study (shown in Figure 1), which is bounded by large rivers and main roads in the city, including the Yangtze River, the Qinhuai New River, the Round City Highway, and the Ningluo Highway.
[image: Figure 1]FIGURE 1 | Location of the study area.
Three clear Landsat 8 images with little cloud are downloaded from the USGS Data Center (https://earthexplorer.usgs.gov/) for study, and the acquisition dates are May 18th, July 21st, and October 9th in 2017, respectively. Weather conditions of the selected dates and detailed information on the data sets are listed in Table 2. ENVI 5.3 software is applied to perform the data preprocessing including geometric correction, radiometric calibration, atmospheric correction, and clipping of the study area.
TABLE 2 | Weather condition of the selected days and detailed information of the Landsat 8 images.
[image: Table 2]Classification of the Underlying Surfaces
The underlying surface of the study area is divided into four types based on the Landsat data and Baidu Map, namely, UGS, water bodies, buildings, and other rigid pavements. As the research area is in the urban center with little bare land or farmland, except for UGS, water bodies, and buildings, other rigid pavements mainly include open squares and roads.
First, the modified normalized difference water index (MNDWI) is used to extract water from the image, which is proved to be more accurate than the original normalized differential water index (Xu, 2006). The thresholds of each underlying surface are determined based on the original Landsat 8 images and Baidu map after repeated tests of different thresholds and manual calibration. In this study, the threshold of MNDWI is determined as 0.20. Second, the normalized differential vegetation index (NDVI) is used to extract UGSs from the image (Weng et al., 2004). Removing water bodies obtained from the previous steps, the threshold value of 0.35 is used for UGS identification. Third, all the water bodies and UGS are removed, which leaves only the impervious surface. Based on the building footprint information acquired from the Baidu map using Python (Sun et al., 2020), buildings are extracted from the impervious surface. Finally, the remaining pixels are classified as other rigid pavements. As a result, the four types of underlying surface map of the study area are complete. The equations of MNDWI and NDVI are as follows:
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[image: image]
where GREEN, MIR, NIR, and RED correspond to the value of bands 3, 6, 5, and 4 of Landsat 8 images, respectively.
Retrieval of Land Surface Temperature
This study applied the radiative transfer equation (RTE) to calculate the LST, which is based on the thermal infrared radiative transfer equation by removing the influence of atmosphere on thermal radiation in the process of radiative transfer to accurately obtain the surface temperature (Yu et al., 2014). The RTE has wide applicability and can be applied to the thermal infrared remote sensing data on any sensor; especially, it can achieve the highest LST accuracy in environments with high atmospheric water vapor (Sekertekin, 2019). The calculation is based on Eq. 3:
[image: image]
where [image: image] is the brightness value of thermal infrared radiation received by the satellite sensor, [image: image] is the surface emissivity, [image: image] is the real surface temperature (Kelvin), [image: image] is the brightness temperature, [image: image] is the atmospheric transmittance in the thermal infrared band, and[image: image] and [image: image] are the atmospheric downward and upward radiation brightness, respectively. The last three parameters can be obtained on one of the NASA websites (http://atmcorr.gsfc.nasa.gov/) by inputting the acquisition time and central latitude and longitude. Using Eq. 4, the LST can be calculated as follows:
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where [image: image] and [image: image] for the Landsat TM images.
Analysis of Temperature Pattern
Classification Method of LST
The commonly used classification method of LST is the mean–standard deviation method (Sun et al., 2020), which divides different temperature classes according to the mean value and standard deviation of LST in the research area. However, this method may classify more areas as moderate and a much smaller proportion as hot. Taking the LST in July as an example and using the mean–standard deviation method to classify the temperature, the proportion of moderate temperature was 42.29%, and that of high temperature was only 0.49%. In addition, the proportion of each temperature class may vary a lot when comparing different months. Therefore, in order to minimize the error of comparison between months, the quantile method is used to sort all pixels in a certain order and then divide them according to a percentage (Sun et al., 2020). As a result, the data amount of each temperature class, namely, the area of each temperature class is the same. In this study, the LST is divided into seven classes, from low to high, namely, extremely low-temperature class, low-temperature class, sub-low-temperature class, medium-temperature class, sub-high-temperature class, high-temperature class, and extremely high-temperature class. For the sake of concise expression, cls_1 to cls_7 is used as the abbreviation of each class, in which the cls_1 is the extremely low-temperature class and cls_7 is the extremely high-temperature class. The steps are to import the raster map of LST into ArcGIS, and use the quantile method in the reclassify tool to classify the raster into seven classes.
Landscape Pattern of Temperature Class
Five landscape metrics were selected to calculate the landscape pattern of different temperature classes as different types of patches (shown in Table 3). The coefficient of variation (CV) of the landscape metric is calculated to intuitively compare the differences between each temperature class in different months. The calculation method of CV is the standard deviation divided by average value, which is not affected by scale and dimension, and can be used to reflect the dispersion degree of a group of data (Lee and Stat, 1994). Similarly, different types of intersection areas are taken as patches to calculate the landscape pattern of each intersection area.
TABLE 3 | Selected landscape metrics (Marks, 1995).
[image: Table 3]Spatial Distribution of Temperature Class
The overlap degree in each class of July and May as well as that of July and October is calculated by taking the LST classes of July as the baseline using the intersect tool in ArcGIS, in which the overlapped areas of the same class and different classes are subdivided. The higher the overlap degree of the same class in 2 months, the higher the similarity of the LST distribution in these 2 months. Meanwhile, the proportion of different underlying surfaces in each overlapped area is calculated to analyze the reasons for these differences. Then, the overlapped types of different temperature classes are divided into cold–hot overlapped type and hot–cold overlapped type. The cold–hot overlapped type refers to the area belonging to the lower temperature class in July that overlap with that belonging to the higher temperature class in another month, and the hot–cold overlapped type is the opposite. Moreover, the difference between the two overlapped types in different temperature classes is analyzed.
Calculation of the Land Contribution Index
In order to clarify the thermal impact of each underlying surface in different areas, the land contribution index (LCI) introduced by Huang et al. (2019) is calculated for comparison. The LCI is a quantitative indicator for determining the thermal contribution of the respective underlying surface to the temperature change of the entire area. It considers the temperature difference of each underlying surface and its proportion to the area into consideration shown as follows:
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where [image: image] is the average temperature of the i-th underlying surface, [image: image] is the average temperature of the research area, [image: image] represents four kinds of underlying surfaces, and [image: image] refers to the proportion of the i-th underlying surface to the entire area. The LCI of each underlying surface in the whole research area and each temperature class as well as in the different overlapped types area are calculated, respectively. An LCI ≥ 0 means that the corresponding underlying surface has a positive effect on the temperature rise of the area. On the contrary, an LCI < 0 indicates that the corresponding underlying surface has a positive effect on the temperature drop of the area.
The analysis framework of this study is shown in Figure 2. In short, the LST of each month is classified into different classes, and then the LST classes of July are intersected with those of the other 2 months and categorized into different types. Meanwhile, the landscape pattern and underlying surface of each temperature class and intersection area are analyzed.
[image: Figure 2]FIGURE 2 | Analysis framework.
RESULTS
Classification of LST in Different Months
LST Classes in Different Months
The LST classes in different months and the temperature range in each class are shown in Figure 3; Table 4. The temperature is highest in July, followed by May and then October. It is clear that the distribution of LST classes in different months has similar patterns in general. The cold island effect is significant near Zijin Mountian, Xuanwu Lake, Mufu Mountain, and other large mountains and water bodies. In May, the heat island effect is more prominent in the northwest area, while it aggregates in the city center area in July. However, in October, the heat islands are relatively small and scattered in the central area but more intense in the southeast and southwest areas.
[image: Figure 3]FIGURE 3 | LST classes in different months.
TABLE 4 | Temperature range of each temperature class in different months (unit: °C).
[image: Table 4]Landscape Pattern of Each LST Class in Different Months
The variation coefficients of different LST classes in each month are shown in Table 5. The specific value of each landscape metric is shown in Supplementary Appendix Table A1. The larger the CV is, the higher the dispersion degree of this set of data is, that is, the greater difference in the landscape metric of this LST class in different months. According to the result, the CV of PD, AREA_MN, and ENN_MN are the highest in cls_1, that is, the extremely low-temperature class, while the CV of PLAND and AI are much smaller. It is indicated that the density, area, and distance of patches in the extremely cold area vary greatly from month to month, while the proportion and aggregation degree of patches have no remarkable difference. The CV of cls_6 and cls_7, that is, the high-temperature area and the extremely high-temperature area, is relatively small in all landscape metrics, that is to say, the landscape pattern of the hot area in different months is close to each other. Moreover, cls_3 and cls_4, that is, the sub-low-temperature area and the medium-temperature area, show a higher degree of variances in all metrics, while cls_2 and cls_5, that is, the low-temperature area and the sub-high-temperature area, show a lower degree of difference. In general, the landscape pattern of each temperature class in 3 months present great differences in the area with the lowest temperature and the area with the medium temperature, while there is little difference in the area with high temperature, that is, the area with strong heat island intensity.
TABLE 5 | CV of landscape metrics of different temperature classes in 3 months (unit: %).
[image: Table 5]Particularly, PLAND has the smallest CV among the 5 landscape metrics, which is reasonable due to the principle of the quantile classification method applied in this study. The CV of PD and AREA_MN is the largest, especially in the cls_1 to cls_5 areas, in which the CV of cls_1 is the largest. Combined with actual data, in October, the PD is always the highest and the AREA_MN is always the lowest among 3 months in all classes. Meanwhile, the difference between July and May is small, in which the PD in July is the lowest and the AREA_MN in July is the highest or slightly lower than in May.
With regard to the ENN_MN, the CV of ENN_MN is the highest in cls_1 and cls_3, while lowest in cls_7. The value of ENN_MN in July is the highest in cls_1 to cls_5, while slightly lower than that in other months in cls_6 and cls_7. The CV of AI is generally small, among which the CV of cls_3 is the highest and cls_7 is the lowest. In cls_2 to cls_5, where the CV is relatively high, AI in October is the smallest, and AI in July is the largest. Only in cls_4, AI in May is slightly higher than that in July.
In conclusion, the difference in landscape patterns between May and July is small but more obvious between July and October, especially the PD and AREA_MN are significantly varied among 3 months. The discrepancy is mostly reflected in the extremely cold area and the area with medium temperature, while not so remarkable in the hot area. Based on the meaning and the concrete value of each landscape metric, it is demonstrated that the LST classes in October are a large number of small patches densely distributed compared with the other 2 months, while LST classes in July and May are quite the opposite.
Underlying Surfaces of Each LST Class in Different Months
The type of the underlying surfaces and their proportions in each LST class is calculated as shown in Figure 4. With the rising temperature, the proportion of UGS in each LST class reduces gradually, while the proportion of buildings increases. The proportion of other rigid pavement first increases then slightly reduces. Water bodies are mainly distributed in cls_1 and cls_2, especially in the former. In the extremely low-temperature class, the proportion of UGS is the highest, more than 80%, followed by water, around 11%, and the proportion of buildings is the lowest, which is 2.48% in October and less than 1% in May and July. In the extremely high-temperature class, the proportion of UGS is the lowest, ranging from 5 to 8%; buildings account for more than 60%, and other rigid pavement accounts for about 27%.
[image: Figure 4]FIGURE 4 | Underlying surfaces of different temperature classes in 3 months.
By comparing the proportion of underlying surfaces in the same LST class between different months, it is shown that there is a slight variance between May and July, which is between 0 and 1.31%, while the high difference of up to 13.67% is found between July and October.
As for each underlying surface, the proportion of UGS in cls_1 to cls_3 in October is significantly lower than that in the other 2 months, while in cls_4 to cls_7, it is completely the opposite. In cls_1 to cls_3, the proportion of buildings in October is higher than that in May and July. In cls_4, the proportion of buildings in 3 months is the same, and in cls_5 to cls_7, the proportion of buildings is lower than that in May and July. The water bodies are mainly distributed in cls_1 and cls_2, in which the proportion of water bodies in cls_1 is higher in October than that in the other 2 months, while in cls_2, it is just the reverse. As for the other rigid pavements, the proportion in cls_1, cls_2, and cls_7 is the highest in October, while in cls_3 to cls_6, the proportion in October is the lowest among 3 months.
LCI of Each Underlying Surface
The LCI of each underlying surface in the entire area and each temperature class is shown in Figure 5. Figure 5A shows the LCI of each underlying surface in the entire area and Figures 5B–D show the LCI of each underlying surface in each temperature class of May, July, and October, respectively. It is clear that UGS and water are the prominent cooling surfaces, while buildings and pavement are the opposite. Because the research area is the central part of the city with mountains and lakes, such as Zijin Mountain and Xuanwu Lake, which play a remarkable role in cooling the area, the LCI of UGS and water are significantly high in this study, especially in July, reaching up to 0.94 for UGS. The LCI of each underlying surface in July is the highest and lowest in October, indicating that the underlying surfaces have a more obvious impact on LST in the summer.
[image: Figure 5]FIGURE 5 | LCI of each underlying surface in the whole area (A) and in each LST class in May (B), July (C), and October (D).
However, there are a few differences comparing LCI between each temperature class. In cls_1, only the LCI of water is a negative number and has the highest value; UGS, buildings, and pavement are all positive numbers. In cls_2, the LCI of water lowers a lot, and the LCI of UGS turns to be negative with the highest value. That is to say, the water bodies are prominent in mitigating heat in the extremely low-temperature area, while the cooling effect of UGS is more significant in the low-temperature area. The LCI in cls_3 to cls_6 is much lower than that in the first two classes. In cls_7, buildings have the highest positive value, while the other surfaces have negative value, meaning that buildings are the dominant heating surfaces in the highest temperature area, and even the pavement contributes to a cooling impact compared with buildings in this area. In general, water bodies have a positive effect on cooling down the corresponding area, and buildings have a significant warming effect in all classes, while the cooling effect of UGS is more remarkable in cls_2 to cls_6, especially in cls_2. As for the other rigid pavement, its thermal contribution is warming up the area in cls_1 to cls_3, then turning to cool down the area in cls_4 to cls_7, and the high values are in cls_2 and cls_7. Comparing different months, it is indicated that the LCI of each underlying surface in May is the highest in cls_1, cls_2, and cls_4 to cls_6. In cls_3, the highest LCI is in July, and in cls_7, it is in October. It is shown that the thermal contribution of each underlying surface in different temperature classes is distinguished in different months.
Intersection of Each LST Class in Different Months
Proportion of Each Intersection Area
Taking the LST classes of July as the benchmark, the intersection of each class between May and July (intersection_July/May) as well as July and October (intersection_July/Oct) are analyzed, respectively, as shown in Figure 6. The colors in the figure represent different LST classes, in which the color red means high temperature and the color blue means low temperature. The middle column in the figure is the LST class in July, and the upper and lower sides illustrate the LST classes of May and October that overlap with the corresponding class of July and their proportions, respectively. For example, 48.86% of cls_3 in July overlaps with cls_3 in May, which is the overlap of the same class in these 2 months. Apart from that, the overlap of the different classes represents the differences in the spatial distribution of LST between the 2 months. Particularly, 17.75% of cls_3 in July overlaps with cls_2 in May that can be grouped into hot-cold overlapped type, simply expressed as Jcls3_Mcls2, and 24.85% of cls_3 in July overlap with the cls_4 in May, which is a cold–hot overlapped type, abbreviated as Jcls3_Mcls4.
[image: Figure 6]FIGURE 6 | Proportions of overlapped areas in different temperature classes in different months.
It is indicated that the overlap degree of the same LST class is higher (58.03%) in the intersection_July/May, while lower (47.12%) in the intersection_July/Oct. As for each LST class, the overlap degree of cls_1, that is, the extremely low-temperature area, is the highest, reaching 92.82% in the intersection_July/May and 88.69% in the intersection_July/Oct. As temperature rises, the overlap degree of the same class first decreases and then increases, presenting a U-shaped trend. The overlap degree of cls_7 is the second highest, 73.18% in the intersection_July/May and 65.01% in the intersection_July/Oct. The overlap degree of cls_5 is the lowest, only 36.00% in the intersection_July/May and 27.54% in the intersection_July/Oct.
The overlapped areas of different LST classes are mainly distributed in one or two adjacent classes before and after this specific class, that is, the cold–hot type and hot–cold type defined in this study. Along with the rising temperature, the proportion of the overlapped area of different temperature classes first increased and then decreased slightly, reaching the highest ratio in cls_5 (27.14%). In the lower temperature class, the cold–hot type is more prevalent, and in the higher temperature class, the hot–cold type is dominant.
In general, the spatial distribution of extremely low-temperature area, low-temperature area, and extremely high-temperature area is similar in different months, while the greatest differences among different months are reflected in the medium temperature area, mainly cls_3 to cls_6, which is the sub-low-temperature area, medium-temperature area, high-temperature area, and sub-high-temperature area.
Landscape Pattern of Each Intersection Area
Taking the intersection area of different classes as the research focus, the landscape metrics of cold–hot and hot–cold overlapped types in the intersection_July/May are compared with those in the intersection_July/Oct, as shown in Table 6. Based on the results, it is indicated that PLAND in the intersection_July/Oct is higher than that in the intersection_July/May, coinciding with the conclusion in the last section. PD of the intersection_July/Oct is much lower than that in the intersection_July/May, while the AREA_MN and AI are the opposite, demonstrating that the difference of the LST class between July and October is presented in larger patches and is more aggregated in the spatial distribution. As for the ENN_MN, the hot–cold type in the intersection_July/Oct is higher than that in the intersection_July/May; however, the cold–hot type is lower than that in the latter, revealing that the distance of the patches in different overlapped types varies a lot in different months.
TABLE 6 | Landscape metrics of each intersection area.
[image: Table 6]Furthermore, comparing the difference between the two overlapped types, it is found that the PLAND of the cold–hot type is higher than the hot–cold type in both intersection areas of July/May and July/Oct, indicating that the differences among 3 months can be more categorized into cold–hot type, that is, the colder area in July overlaps with the warmer area in the other 2 months. The PD of the cold–hot type is lower than that in the hot–cold type in the intersection_July/May and higher than that in the latter in the intersection_July/Oct, while the AREA_MN, ENN_MN, and AI are quite the opposite. On the whole, in the intersection_July/May, the patches of cold–hot type are relatively large with a small number and are more aggregated with a longer distance to each other. However, in the intersection_July/Oct, the patches of cold–hot type are relatively small with a large number and are less aggregated with a shorter distance to each other.
Underlying Surfaces of Each Intersection Area
The proportions of each underlying surface in the overlapped area of the intersection_July/May are compared with those of the intersection_July/Oct. The results of different overlapped types are shown in Figure 7. It is clear that the differences between the cold–hot overlapped type and the hot–cold overlapped type are obvious. For the hot–cold overlapped type, the proportion of UGS in the intersection_July/May is significantly higher than that in the intersection_July/Oct, while the proportion of buildings is remarkably lower than that in the latter. The proportion of other rigid pavement is lower than that in the latter in cls_2 to cls_4 but higher than that in the latter in the following temperature LST classes. Quite the opposite, in the cold–hot overlapped type, the proportion of UGS in the intersection_July/May is significantly lower than that in intersection_July/Oct, and the proportion of buildings is higher than that in the latter. The proportion of other rigid pavement is higher than that in the latter in cls_1 to cls_3 and lower than that in the latter in the other LST classes.
[image: Figure 7]FIGURE 7 | Underlying surfaces of (A) hot–cold overlapped type and (B) cold–hot overlapped type in different intersections.
Furthermore, the two overlapped types of different LST classes can be regarded as the differences along with the overall warming or cooling process from May to July to October. From May to July, although the overall temperature has increased, the warming degree of the hot–cold overlapped area is higher than that of other areas, so its LST class in May upgrades when it is in July. Similarly, the cold–hot overlapped type indicates that the warming degree of this area is relatively low, resulting in the downgrading of its LST class. Combined the proportion of each underlying surface in the areas of different overlapped types (Table 7), it is shown that from May to July, buildings account for the most in the cold–hot type and higher than that in the hot–cold type, revealing that buildings have lower warming degree in some extent. The proportion of other rigid pavement is the highest in the hot–cold type and higher than that in the cold–hot type, indicating the warming degree of other rigid pavement is relatively high. In addition, the proportion of water bodies in the hot–cold type is much higher than that in the cold–hot type, demonstrating that water bodies have higher warming degrees from May to July.
TABLE 7 | Proportions of underlying surfaces in different overlapped types.
[image: Table 7]In the same way, the hot–cold overlapped area can be regarded as the cooling degree of this area is higher than other areas in the process of overall cooling process from July to October, so its LST class downgrades. The cold–hot overlapped type indicates that the cooling degree of this area is lower leading to the upgrading of its LST class. Based on the underlying surface in the intersection_July/Oct, it is shown that the ratio of UGS in the cold–hot overlapped type is significantly higher than that in the hot–cold overlapped area, and the proportions of the building, water bodies as well as other rigid pavements are lower than the latter, suggesting that the last three kinds of underlying surfaces account for more in the area of higher cooling degree, while UGS has a lower cooling degree.
DISCUSSION
Spatial Differences of LST Among Three Months
In previous studies, annual and seasonal variation of LST is one of the basic research on urban climate (Peng et al., 2018; Zhang and Wang, 2020; Shi et al., 2021). However, most studies focus on the high or low temperature in the area, namely, the heat islands and cold islands, and little attention is paid to the medium temperature area. According to the aforementioned results, here is a small difference in the high and low temperature areas between different months, while there is a noticeable difference in the medium temperature area. Specifically, the overlap degree of the same LST class in July and May is higher than that in July and October. The highest degree of overlap is in the extremely low-temperature area, followed by the extremely high-temperature area. Along with the increase in temperature, the overlap degree of the same LST class will decrease first and then increase, showing a U-shape change trend, indicating that the distribution of the cold and the hot islands in the city is similar in different months, while that of medium-temperature area significantly differs. One plausible reason is that the LST of medium-temperature area is not only dependent on its ground and spatial feature but also influenced by surrounding heat and cold islands. Although the spatial pattern of heat and cold islands may not significantly change over 3 months, their ability or extent to regulate their surroundings fluctuates over time (Yu et al., 2019; Yu K. et al., 2020).
In this study, the LST differences across time are subdivided into cold–hot and hot–cold overlapped types, and the distinctions between those two types turns out to be significant, in which the cold–hot type accounts for more in both intersections of July/May and July/Oct. Furthermore, in the intersection_July/May, the patches of cold–hot type are relatively large with a small number and more aggregated with a longer distance to each other. However, in the intersection_July/Oct, the landscape pattern of the cold–hot type is quite the opposite. According to the spatial distribution of different overlapped types shown in Figure 8, in the intersection_July/May, most of the cold–hot type areas are distributed densely in the northwest of the research area, and other small parts are scattered in the central area, along the southeast edge and the southwest corner. On the contrary, the hot–cold type areas are mainly located in the east and south of the study area, especially aggregated in the south of Zijin Mountain. In the intersection_July/Oct, the cold–hot type areas are mostly distributed along the surrounding boundary of the study area, while the hot–cold type areas occupy the majority of the city center. In other words, there is a difference in the warming and cooling degrees within the research area, and it needs to be further explored.
[image: Figure 8]FIGURE 8 | Spatial distribution of the (A) cold–hot type in the intersection_July/May, (B) hot–cold type in the intersection_July/May, (C) cold–hot type in the intersection_July/Oct, and (D) hot–cold type in the intersection_July/Oct.
Temperature Changes of Different Underlying Surfaces
The main reason for the LST difference lies in the variances of underlying surfaces (Liu et al., 2013; Guo et al., 2020; Parvez et al., 2021). It is concluded that UGS and water bodies contribute the most in the cool area, while buildings and other rigid pavements account for the most in the hot area, in which buildings are the dominant factor. However, it is worth noting that UGS occupies around 5% even in the highest temperature area, indicating that UGS may not always be the cold island, and its surrounding environment should be taken into consideration (Yuan et al., 2021). Combined with the LCI of each underlying surface, the results show that the performance of the underlying surface in the whole region is different from that in different temperature classes, indicating that the role of each underlying surface in different temperature areas is different. Both UGS and water bodies contribute a cooling effect to the area, and the LCI of UGS is higher than that of water bodies, but the cooling effect of the latter is more significant in the extremely cool area, while UGS plays a dominant role in the cool area. Previous studies have investigated the cooling effect of UGS and water bodies. Some studies have come to the same conclusion that the LCI of UGS is higher than that of water bodies (Tarawally et al., 2018), while others have obtained the opposite results due to the different research scale (Huang et al., 2019), but few research has further investigated the thermal contribution of underlying surface in different temperature classes. According to Wang et al. (2019), the impact of urban water bodies on the LST does vary across different LCZ types, which supports the aforementioned conclusion to a certain extent. Therefore, specific mitigation and adaption efforts should be made according to the actual conditions.
By comparing the underlying surfaces between different months, it is found that there is little difference between the underlying surface in May and July, but a significant difference between the underlying surface in July and October. In summary, water bodies contribute more to the cooling effect in October, while the contribution degree of UGS in October is relatively lower than that in the other 2 months. In addition, other rigid pavements contribute more to high temperature in October. Furthermore, there are great differences between the two overlapped types. In the hot–cold overlapped type, the proportion of UGS in the intersection_July/May is significantly higher than that in the intersection_July/Oct, while that of the building is significantly lower than that of the latter. The proportion of other rigid pavements is lower than that of the latter in cls_2 to cls_4 but higher than that of the latter in the following LST class. However, in the cold–hot overlapped type, it is totally the opposite case.
Combining with the meaning of the cold–hot and hot–cold overlapped types, that is, the warming and cooling degrees of different underlying surfaces, it is concluded that the warming degree of buildings is relatively low, while other rigid pavements and water bodies have a higher warming degree in certain areas in the warming process from May to July. In the cooling process from July to October, the cooling degree of UGS in some areas is low, while that of buildings, water bodies, and other rigid pavement is higher, especially buildings. Zhang et al. (2021) defined the urban surface heating rate (SHR) as the change in LST per percentage of impervious surface area (ISA) and the urban surface cooling rate (SCR) as the change in LST per percentage of fractional vegetation cover (FVC). They also concluded that the trend of SHR and SCR, along with the percent of ISA and FVC, had remarkable seasonal differences. The difference is that Zhang et al. (2021) considered the specific heating and cooling rate of the underlying surface and its variation trend with temperature within a day, while this study focuses on the heating and cooling degrees of each underlying surface and its variation trend across time. Moreover, the former research did not distinguish the impervious surface between buildings and other rigid pavements, which is proved to have great differences in the influence of the UHI formation in this study.
Implications, Limitations, and Future Research
This study may provide a new perspective on mitigating the UHI effect at the different stages of LST change. In addition to focusing on the UHIs effect at a particular time, temperature changes before and after that particular time, may help understand the formation of the heat island effect. From July to October, the landscape pattern of low- and medium-temperature areas exhibits a trend of fragmentation and decentralization, while the high-temperature area does not significantly change. Conversely, if heat island patches could be more fragmented and decentralized, their intensity might be reduced. Yu et al. (2021) came to a similar conclusion in the research of heat networks, that is, when links and pinch points are blocked, SUHI connectivity is reduced, thus breaking the network and significantly alleviating the SUHI effect. Therefore, effective cooling measures should be taken in high-risk and key areas to prevent corridor connectivity. In other words, heat patches are prevented from being aggregated and linked by fragmenting them into small patches and breaking the linkages. Similarly, Wang et al. (2017) pointed out that large temperature contrasts between adjacent patches and fragmental patches are recommended for heat release.
Considering the significant relationship between LST and underlying surfaces, it is essential to optimize the spatial distribution of underlying surfaces. This study reveals that UGS and water bodies show distinguished thermal contributions to the different temperature classes, which means that the more specific mitigation and adaption efforts should be carried out under different circumstances. It seems that water bodies contribute the highest cooling effect to the coolest area, while UGS has a sustained cooling effect from a cool to a hot area. With limited resources, there might be relative thresholds for both UGS and water bodies to fulfill a win–win cooling efficiency in the whole area (Yu Z. et al., 2020; Wu et al., 2020). Previous studies have generally regarded buildings and other rigid pavements together as impervious surfaces and examined their positive impact on temperature rise (Liu et al., 2016). However, it turns out that buildings contribute the most to the highest temperature area, while other rigid pavement has a relative cooling effect in the same area, even though its thermal contribution in the whole area is the opposite. Therefore, it may be a feasible method to explore more about the properties of other rigid pavements and enhance their cooling effect in high-temperature areas.
There are a few limitations that need to be mentioned. First, this study selects May, July, and October as the representative of different seasons that could be haphazard due to unpredictable weather events. Second, the underlying surfaces are classified based on the Landsat image with 30 m resolution in order to coincide with the LST data, but it is not enough for more detailed research on the characteristics of each underlying surface. Third, this study focuses on the impact of different underlying surface types on LST variation, while other factors such as the vegetation volume in different seasons, energy consumption, and other indexes related to production activities are not involved.
Future studies will detail the characteristics of different underlying surfaces, for example, building height and density, greenspace morphology, the area and shape of water bodies, the impervious rate of other rigid pavement, and the influence of the surrounding environment. Furthermore, the spatial differences between cold–hot and hot–cold overlapped types and their distribution regularities will be thoroughly analyzed based on the detailed aforementioned factors. It is believed that it can provide applicable references for future urban design.
CONCLUSION
Taking the LST of Nanjing in different months as an example, this study divided temperature into different classes by using the quantile method and then compared the spatial distribution of each LST class in different months. The results indicate that there is a small difference in the distribution of heat and cold islands between months, while a major difference in medium-temperature area. In particular, the spatial pattern of each LST class illustrates a trend of fragmentation and decentralization from July to October. Further analysis of the intersection of each LST class in different months shows that the overlap degree of the low-temperature area and high-temperature area is higher than that of the medium-temperature area. The overlapped area of different LST classes is divided into hot–cold and cold–hot types. In the process of temperature change from May to July and October, different overlapped types can be regarded as different cooling degrees in different areas to a certain extent. It turns out that the warming degree of other rigid pavements is higher in the warming process from May to July, and the cooling degree of buildings is greater in the cooling process from July to October. Meanwhile, the thermal contribution of each underlying surface is different among LST classes, so it is necessary to formulate more targeted strategies. This study provides a new perspective for the mitigation of UHI based on the comprehensive understanding of the temperature change from a continuous-time sequence, expecting to be a reference for sustainable urban design in the future.
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Heavy PM2.5 (particulate matter with an aerodynamics diameter less than 2.5 μm) pollution frequently happens in Wuhan under unfavorable meteorological conditions. To comprehensively understand the complex impact of both regional-scale synoptic forcing and local-scale processes within the planetary boundary layer (PBL) on air quality in Wuhan, this study analyzed long-term PM2.5 concentration measurement, near-surface and upper-air meteorological observations from March 2015 to February 2019, in combination with the Modern-Era Retrospective Analysis for Research and Applications version 2 (MERRA-2). We found that in winter the day-to-day change of PM2.5 pollution level in Wuhan was governed by the synoptic warm/cold advection, in addition to the high emissions of pollutants. The synoptic condition can largely determine both the vertical development of PBL and horizontal transport of pollutants. When a high-pressure system is located to the north of Wuhan at the 900-hPa level, the induced warm advection above 1,000 m can enhance the thermal stability of lower troposphere and inhibit the development of daytime PBL, leading to a decreased dispersion volume for pollutants. Meanwhile, within the PBL the pollutants emitted from Henan, Shandong, and Anhui provinces can be transported to Wuhan, further worsening the pollution. Our results highlight the importance of coordinated pollution controls in Central China and adjacent north regions under the unfavorable synoptic condition.
Keywords: PM2.5 pollution, synoptic condition, regional transport, planetary boundary layer, multi-scale processes
INTRODUCTION
Wuhan, the capital city of Hubei province, is one of most populated and heaviest polluted cities in China (Miao et al., 2019; Xiao et al., 2020; Tao et al., 2021). It is a major industrial and commercial city in Central China, with a population of more than ten million. Due to the high level of urbanization and industrialization, and associated huge consumptions of energy and resources, anthropogenic air pollution has become one of most critical environmental issues in Wuhan (Miao et al., 2019). The PM2.5 (particulate matter with an aerodynamics diameter less than 2.5 μm) pollution events have been frequently reported under unfavorable meteorological conditions (e.g., Lu et al., 2019; Miao and Liu, 2019; Tao et al., 2021), threatening the health of citizens (Pope and Dockery, 2006).
The city is crossed by the transportation routes of road, rail, and river from almost every direction, linking the north, south, west, and east parts of China. This unique geographical location (Supplementary Figure S1) makes it subject to the influence of air masses/pollutants moved from every direction (Mbululo et al., 2019; Miao et al., 2019). For example, during a pollution episode in November 2017, large amounts of aerosols were transported to Wuhan from North China along with the movement of cold air masses (Xiao et al., 2020). Similar processes have also been reported by Hu et al. (2021) and Lu et al. (2019). In addition to these trans-boundary transport processes, the local-scale planetary boundary layer (PBL) also plays a critical role in the formation of PM2.5 pollution (Liu et al., 2018; Mbululo et al., 2019; Xiao et al., 2020). Because the PBL governs the vertical exchange of energy, matter, and heat between surface and upper free atmosphere, the height of boundary layer (BLH) is widely used to quantify the volume for pollutant dispersion and dilution (Stull, 1988; Miao and Liu, 2019). Within the PBL, near-surface inversion layer and calm wind condition were often found to be associated with the PM2.5 pollution in Wuhan (Mbululo et al., 2019; Miao and Liu, 2019). Although the importance of regional-scale synoptic condition (Xiao et al., 2020) or local-scale PBL thermal structure (Miao and Liu, 2019) for the PM2.5 pollution in Wuhan has been pointed out, the connection between these multi-scale atmospheric processes and their integrated effects on pollution are not yet clear understood, particularly in the heavily polluted winter.
In order to comprehensively understand the pollution formation mechanism in Wuhan and elucidate the environmental impact of multi-scale meteorological processes, we collected and analyzed long-term PM2.5 concentration measurement, near-surface and upper-air meteorological observations from March 2015 to February 2019, in combination with the Modern-Era Retrospective Analysis for Research and Applications version 2 (MERRA-2).
DATA AND METHOD
In this study, hourly PM2.5 concentration data from March 2015 to February 2019 in Wuhan were collected from nine monitoring sites in Wuhan (Supplementary Figure S1B), which are operated by the China National Environmental Monitoring Center (CNEMC). We first calculated the daily concentrations for each PM2.5 monitoring site, and then averaged the concentrations of all sites to derive the daily values. Besides, both ground-level and upper-air meteorological observations were obtained from a station (114.05°E, 30.60°N) in Wuhan, which is operated by the China Meteorological Administration. The ground-level meteorological parameters were recorded hourly. The sounding balloon was launched twice a day at 08:00 LT (00:00 UTC) and 20:00 LT (12:00 UTC), which can provide fine-resolution vertical profiles of temperature, humidity, wind, and pressure (Miao et al., 2015).
To complement these above-mentioned discrete observations to gain further insight into the nature of PM2.5 pollution, we analyzed the MERRA-2 data in this study, which is the latest atmospheric reanalysis of the modern satellite era developed by NASA’s Global Modeling and Assimilation Office (Gelaro et al., 2017). In the vertical dimension, there are 72 model levels from surface to 0.01-hPa level. The MERRA-2 dataset was used as an alternative to derive the daily maximum BLH in the afternoon (Miao et al., 2022). We estimated the BLH as the level at which the potential temperature (PT) first exceeds the minimum PT within the PBL by 1.5 K (Nielsen-Gammon et al., 2008; Miao et al., 2021). Based on the meteorological fields (e.g., pressure, temperature) derived from MERRA-2, we employed the T-mode principal component analysis (T-PCA) (Huth et al., 2008) to identify the typical synoptic conditions associated with the polluted and clean conditions in Wuhan. The T-PCA studied region covered Central China and its adjacent regions, in a range from 110 to 121°E and 26 to 37°N. The T-PCA has been widely used to untangle the relationships between regional-scale background meteorological conditions and local-scale weather phenomena or pollution processes (e.g., Miao et al., 2018; Yan et al., 2019; Li et al., 2021), which has proven to be a reliable objective classification method due to its high temporal and spatial stability in the classified results (Philipp et al., 2010; Zhang et al., 2012; Ye et al., 2016). The detailed information of the T-PCA can be found in previous studies of Huth et al. (2008) and Philipp et al. (2010). After identifying the typical synoptic conditions, the spatial distributions of PM2.5 concentration could be revealed on the basis of the Chinese Air Quality Reanalysis (CAQRA), which is the assimilation dataset of surface observations from the CNEMC using the ensemble Kalman filter and Nested Air Quality Prediction Modeling System (Kong et al., 2021).
Besides, 48-h backward trajectories of air masses were simulated using the Hybrid Single Particle Lagrangian Integrated Trajectory model (HYSPLIT) (Draxler and Hess, 1998) and MERRA-2 data, which can help to recognize the transport pathways of pollutants (Sun et al., 2017). For each day during the study period, a 48-h backward trajectory was calculated with ending time at 20:00 LT, and the trajectory ending point was set above the meteorological station in Wuhan (114.05°E, 30.60°N, 100 m above ground level). Based on the simulated backward trajectories, we calculated the map of potential source contribution function (PSCF) (Mbululo et al., 2019; Sun et al., 2017) for the PM2.5 pollution in Wuhan. The PSCF value in the ij-th grid was calculated as Pij/Nij, in which the Nij was the number of endpoints that fall in the ij-th grid and the Pij was the number of “polluted” trajectory endpoints in the same grid. The “polluted” trajectory was usually determined according to a threshold value of pollutants’ concentration. In this study, we calculated the PSCF with a resolution of 0.5° × 0.5°.
RESULTS AND DISCUSSION
Overall Characteristics of PM2.5 Pollution in Wuhan
During the study period from March 2015 to February 2019, prominent seasonal variation of PM2.5 concentration in Wuhan can be observed (Supplementary Figure S2). The maximum seasonally average PM2.5 concentration was 86.5 μg m−3 in winter (Dec-Jan-Feb), significantly higher than the average concentrations in other seasons, which were 55.3 μg m−3 in spring (Mar-Apr-May), 31.0 μg m−3 in summer (Jun-Jul-Aug), and 49.1 μg m−3 in autumn (Sep-Oct-Nov). Therefore, we focused on the wintertime PM2.5 pollution in Wuhan. Because most pollution events in winter occurred on the dry conditions, we excluded the rainy days (i.e., 24-h accumulated precipitation greater than 0.5 mm) in this study. In total, the measurements of 260 days in winter were analyzed.
The day-to-day variation of PM2.5 concentration in Wuhan is shown in Figure 1A. It was found that higher PM2.5 concentrations were often associated with warmer atmosphere above 1,000 m. Comparing the 850-hPa PT with daily PM2.5 concentration in Wuhan, a significant positive correlation (R = 0.29, p < 0.001) can be found. To further understand the relationship between 850-hPa PT and PM2.5 pollution level, we grouped both variables into five bins according to the quintile values of PM2.5 concentration (Figure 2). Binning is an effective approach to isolate the expected variability from sampling uncertainty (Seidel et al., 2010; Miao et al., 2018). There was a pronounced increasing trend in the 850-hPa PT along with the deterioration of PM2.5 pollution from the first quintile to the fifth quintile, with a spearman correlation coefficient of 0.99 (p < 0.001) between the averages of binned PTs and PM2.5 concentrations. This relationship between the 850-hPa PT and PM2.5 concentration is consistent with the previous study in Central China (Miao et al., 2018). Specifically, the first quintile of PM2.5 concentration ranged from 20.3 of 61.5 μg m−3, corresponding to the 850-hPa PT within a range from 269 to 296 K, while the fifth quintile of PM2.5 concentration (121.4–292.3 μg m−3) was relevant to higher PT (280–299 K). The elevated warming above 1,000 m was also reported in the pollution episode in Wuhan during November 2017 (Xiao et al., 2020), which may enhance the thermal stability in lower troposphere, suppress the development of PBL, and limit the dispersion and dilution of pollutants (Miao et al., 2019; Wang et al., 2020). Such a physical mechanism will be systematically elucidated in the following section by combining synoptic classification and PBL structure analysis. In the rest, we referred the first and fifth quintiles to the clean and polluted conditions in Wuhan, respectively.
[image: Figure 1]FIGURE 1 | Time-height sections of potential temperature (PT) in winter from December 2015 to February 2019 in Wuhan, derived from (A) radiosonde measurements and (B) MERRA-2 at 08:00 LT. In (A), the time series of daily PM2.5 concentration (red line and dots) is also shown, and the correlation coefficient between the daily concentration and 850-hPa PT is 0.29 (p < 0.001). The correlation coefficient between the measured PT profiles and MERRA-2 PT profiles is 0.99 (p < 0.001).
[image: Figure 2]FIGURE 2 | Boxplot showing the changes of daily PM2.5 concentration (blue) and 850-hPa PT (red) in Wuhan during winter on the days of different quintiles of PM2.5 concentration (Q1 to Q5). The PTs shown were derived from the radiosonde measurements at 08:00 LT, and the measurements of rainy days (24-h accumulated precipitation greater than 0.5 mm) were excluded. The central box represents the values from the lower to upper quartile (25th to 75th percentile). The vertical line extends from the 0th percentile to the 90th percentile value. The middle solid line represents the median, and the dot represents the mean value.
In addition to the thermal structure, significant difference in the wind profiles between the clean and polluted conditions can also be observed (Supplementary Figure S3B); the clean condition featured north or northwesterly winds at the height between 700 and 1,200 m, while the polluted condition was associated with relatively weaker northeasterly winds. All these above-mentioned differences of PT, wind speed and direction in Wuhan were well reproduced by MERRA-2 (Figure 1 and Supplementary Figure S3). Thus, it would be reliable to explore the underlying physical processes in Wuhan using MERRA-2.
Influence of Synoptic Condition and PBL Structure
Because the change of PM2.5 pollution in Wuhan was closely related to the variation of 850-hPa PT, we used the daily 850-hP PT fields derived from MERRA-2 as the T-PCA input data, and eight types of synoptic pattern were objectively classified (Supplementary Figure S4). Among these identified synoptic types, Type-1 was predominantly relevant to the PM2.5 pollution days, and Type-2 was in relation to the clean condition (Supplementary Figure S5). These two synoptic types were the most occurred conditions in Central China, accounted for 74.5% of the total (Supplementary Figure S4). Under the control of Type-2, Wuhan was influenced by a cold advection from the northwest (Figure 3B). By contrast, Wuhan was under the influence of a 900-hPa high-pressure system in the north of city when Type-1 happened, leading to weak northeasterly winds and input of warmer air masses from the east to Wuhan (Figure 3A). The elevated warm advection can significantly increase PT above 1,000 m (Figure 4A), and strengthen the thermal inversion above the PBL, leading to a depressed PBL in the afternoon. Specifically, the average BLH at 14:00 LT was merely around 1,100 m in Wuhan under the control of Type-1, significantly shallower than the average BLH of Type-2 (1,400 m). Such a depression of BLH decreased the dispersion volume for pollutants (Stull, 1988; Li et al., 2021; Miao et al., 2022), leading to an increased PM2.5 concentration in Wuhan.
[image: Figure 3]FIGURE 3 | Typical synoptic patterns associated with (A) polluted and (B) clean conditions in Wuhan, and the corresponding (C,D) near-surface PM2.5 concentration and wind fields. In (A,B), the synoptic patterns were identified using the T-PCA on the basis of daily MERRA-2 850-hPa PT fields, overlaid with geopotential height and wind vector fields at the 900-hPa level. In (C,D), the PM2.5 concentration and wind fields were derived from the CAQRA data, and only the data on the polluted or clean days were averaged for the specific type of synoptic pattern.
[image: Figure 4]FIGURE 4 | (A) Averaged PT profiles at 14:00 LT in Wuhan on the polluted (in red) and clean (in blue) days under the typical synoptic types and their difference (in green), and (B) the difference in the PT tendency due to radiation between the polluted and clean days from 08:00 to 14:00 LT. All the PT profiles shown are derived from MERRA-2, and the BLHs at 14:00 LT were denoted by the dashed lines in (A).
In addition to the regional-scale synoptic forcing, the radiative effect of aerosol can also modulate the PBL thermal structure (Wang et al., 2018; Miao et al., 2020), which might be another cause of PBL depression in the afternoon. Based on the temperature tendency due to radiation derived from MERRA-2, the PBL thermal modulation caused by the aerosol radiative effect at 14:00 LT can be approximately estimated, which is calculated as the difference of 6-h accumulated radiative temperature tendency (08:00 to 14:00 LT) between the polluted and clean days (Figure 4B). From 08:00 to 14:00 LT, the aerosol radiative effect can increase the PT of the upper and middle portions of PBL by 0.2–0.4 K, however, it cannot explain the pronounced difference (around 4–6 K) near the PBL top between the polluted and clean days (Figure 4A). It indicates that the depression of afternoon PBL on the pollution days in Wuhan is primarily caused by the synoptic forcing (Figure 3), although the aerosol radiative effect (Figure 4B) may further suppress the development of PBL to some extent (Miao et al., 2019).
The synoptic condition not only modulates the PBL structure, but also determines the transport pathways of pollutants (Ye et al., 2016; Xiao et al., 2020). Because the day-to-day variation of PM2.5 concentration in Wuhan can be well duplicated by CAQRA (Supplementary Figure S6), we derived the near-surface spatial distributions of PM2.5 concentration and wind from CAQRA (Figures 3C,D). Under the influence of Type-1, grids with PM2.5 concentration greater than 120 μg m−3 not only can be found in Wuhan, but also in the north upstream regions (Figure 3C), including Henan, Anhui, and Shandong provinces. When influencing by the large-scale northerly prevailing winds, the massive pollutants in Henan, Anhui, and Shandong provinces can be easily transported to Wuhan. Such a transport of pollutants from north under the Type-1 must be partly responsible for the formation of heavy PM2.5 pollution in Wuhan.
To further validate the regional transport from north, we derived the PSCF map for PM2.5 pollution in Wuhan on the basis of HYSPLIT backward trajectories. The trajectories ending on the PM2.5 pollution days were identified as the “polluted” trajectories. In addition to the local emissions, the potential source regions for the heavy PM2.5 pollution in Wuhan included the north part of Anhui, the east part of Henan, and the west part of Shandong (Supplementary Figure S7), which are well consistent with the CAQRA PM2.5 concentration fields of Type-1 (Figure 3C). It indicates that the transport of pollutants from Henan, Anhui, and Shandong provinces is critical to the formation of heavy PM2.5 pollution in Wuhan. Therefore, to achieve a pollution-free environment, coordinated controls between Wuhan and its north upstream regions should be implemented when the unfavorable synoptic condition happens.
In short, the synoptic condition governs the wintertime PM2.5 pollution in Wuhan via both vertical depression of BLH (Figures 3A, 4) and horizontal transport of pollutants (Figure 3C). When there is a high-pressure system located to the north of Wuhan at the 900-hPa level, the elevated warm advection above 1,000 m can enhance the thermal stability in lower troposphere and inhibit the development of daytime PBL, leading to a decreased dispersion volume for pollutants in Wuhan. Meanwhile, within the PBL the pollutants emitted from the north provinces (i.e., Henan, Shandong, and Anhui) can be transported to Wuhan, further worsening the pollution. These multi-scale meteorological processes are critical to the frequent occurrence of PM2.5 pollution in Wuhan during winter, in addition to the high emissions of pollutants.
CONCLUSION
Our results improve the understanding of PM2.5 pollution formation mechanism in the populated Central China, as well as the environmental impacts of multi-scale meteorological conditions during winter. We find that synoptic warm/cold air advection is critical to the formation of air pollution in Wuhan, because it governs both the vertical development of PBL and horizontal transport of pollutants. When a high-pressure system is located to the north of Wuhan at the 900-hPa level, the elevated warm advection above 1,000 m can enhance the thermal stability in lower troposphere and inhibit the development of daytime PBL in Wuhan. Meanwhile, the pollutants emitted from the adjacent Henan, Shandong, and Anhui provinces can be transported to Wuhan, further worsening the pollution. This study highlights the importance of coordinated pollution controls in Central China and its adjacent north regions under the unfavorable synoptic condition.
Besides, although this study has emphasized the impact of physical processes on the PM2.5 pollution in Wuhan, the chemical processes within the PBL also should not be deemphasized, which merits further experimental, observational, and numerical investigations.
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Assessment of the responses of the urban thermal environment to climate is important, especially because of their possible influence on low- and high-temperature extreme events. This study assessed the combination of remotely sensed land surface temperature (LST) and local climate zones (LCZs) with in situ air temperature-retrieved extreme temperature indices. It aimed to assess the effect of urban growth on the three-dimensional thermal environment in the Bulawayo metropolitan area, Zimbabwe. LST and LCZ were derived from the Landsat data for 1990, 2005, and 2020, while extreme temperature indices and trends were derived from daily minimum and maximum temperature data from a local weather station. Results showed that the built LCZ expanded at the expense of vegetation-based LCZ. Average LST for each LCZ increased from 1990 to 2020, which was attributed to background warming, while the expansion of high LST areas was associated with LCZ transitions. Although average minimum temperature decreased, cool nights increased, warmest nights remained unchanged, and the lowest minimum increased, the highest minimum temperatures decreased, but the trends were not statistically significant (p > 0.05). Indices of daytime warming showed significant changes, which includes an increase in average maximum temperature (p = 0.002), increase in lowest maximum temperature (p = 0), increase in the number of very warm days (p = 0.004), and decrease in the number of cool days (p = 0). The significant increase in daytime extremes was attributed to an increase in highly absorbing LCZ and daytime pollution due to industrial activities. The study also concluded that development in water areas or siltation of water bodies has a greater warming effect than other LCZ changes. The findings show that development needs to consider potential effects on the thermal environment and temperature extremes.
Keywords: LCZ, climate change, temperature extremes, hot days, cold nights, extreme climate indices
INTRODUCTION
Urbanization and related anthropogenic activities are causing myriad environmental changes (Grimmond, 2007; Imhoff et al., 2010; Gusso et al., 2014; Nyamekye et al., 2020). Among the changes are land use and land cover (LULC) transformations that alter the near-surface thermal characteristics (e.g., Mbithi et al., 2010; Amiri et al., 2009; Uddin et al., 2010; Nurwanda and Honjo, 2020). Such alterations in thermal characteristics have caused warming-related challenges that include increased heat-related health risks and mortalities and compromised air quality, thereby further worsening health woes (D’Ambrosio Alfano et al., 2013; Harlan and Ruddell, 2011; McMichael et al., 2006). Furthermore, surface warming has been linked with increased energy and water demand for surface, body, and room cooling (Haghighat, 2002; Pérez-Andreu et al., 2018). On the other hand, development-induced activities, such as the growth of industries, produce pollutants that add to the atmospheric composition of greenhouse gases, which in turn increase warming and related effects (Satterthwaite, 2008; Harlan and Ruddell, 2011). Hence, urbanization has the potential to cause a rise in land surface and air temperatures, whose combined effects significantly compromise urban socioeconomic activities and the environment.
Over the years, urban landscape and thermal analysis has benefited from multispectral space-borne remotely sensed datasets, such as the Landsat series, at various spatial and temporal scales (Weng et al., 2007; Jawak and Luis, 2013; Sithole and Odindi, 2015; Odindi et al., 2017). Generally, city-scale analysis is influenced by the heterogeneous nature of urban LULC types that influence thermal characteristics and distinguish them among nearby locations. Fortunately, sensor developments and improved data handling capabilities have enabled a spatially explicit analysis of these changes, even in complex environments (Dousset and Gourmelon, 2003; Meng et al., 2010; Zhou et al., 2012; Vlassova et al., 2014). For instance, sensors, such as the Landsat series, have provided data at 30 m resolution from 1972 to the present (US Geological Survey, 2019), which is capable of revealing the interaction between the land surface and the thermal environment at fine scales. Furthermore, thermal analysis has also been enhanced by the development of the local climate zones (LCZs) approach, which maps cities into categories related to surface and air temperatures (Bechtel et al., 2012; Stewart et al., 2014; Cai et al., 2016, 2017). The LCZs provide a complete overview of human effects on the climate system as they include both effects of land cover and land use (such as industrialization) on the thermal environment (Stewart and Oke, 2012). Understanding the responses of the thermal environment to long-term changes is important not only for monitoring a city’s climate but also for assessing the sustainability of its development trajectories.
Among the known impacts of climate change is the intensification of extreme events, such as heat waves, strong winds, heavy precipitation, and prolonged dry spells (Hallegatte and Corfee-Morlot, 2011; Parnell and Walawege, 2011; Goddard and Gershunov, 2020). Small changes in the mean can cause a large change in the likelihood of extreme climate events (Sensoy et al., 2013). For instance, rising temperatures will influence human societies and natural ecosystems with potentially severe effects globally, while the increased heat load in urban areas will harm public health (Sensoy et al., 2013; Geleti et al., 2019). To aid and standardize the analysis, 27 extreme climate indices (precipitation and temperature) have been developed and improved over time (Stenseth et al., 2003; Zubler et al., 2014; Sajjad and Ghaffar, 2019). In line with this, the RClimdex software was developed by the National Climate Data Centre of NOAA to compute the 27 indices of extreme climate using R software. The program provides an easy-to-use software package for the calculation of indices of climate extremes as well as their long-term trends for monitoring and detecting climate change impacts. The indices describe special characteristics of extremes, including amplitude, frequency, and persistence (Toure et al., 2017). They cover a large range of climates and have a large signal-to-noise ratio. Most importantly, they involve the calculation of the number of days in a year exceeding specific thresholds. The indices were found to reveal details hidden in the trends of annual average values. For instance, Kruger (2006) and Kruger and Sekele (2012) observed insignificant trends in annual precipitation and absolute temperatures (maximum and minimum), while extreme precipitation and temperature indices showed significant trends in South Africa. Similarly, a number of studies have indicated strong trends in extreme climate events, especially those related to temperature due to warming (e.g., Kruger, 2006; Mónica and Santos, 2011; Vincent et al., 2011; Athar, 2014; Sein et al., 2018). The indices are of great value, thereby needing application to different types of environments to understand climate trends and their impact.
Although indices have been applied in previous studies, the focus has mainly been on large-scale analysis, such as regional and national (e.g., Kruger, 2006; Vincent et al., 2011; Kruger and Sekele, 2012; Zubler et al., 2014; Rahimi and Hejabi, 2017; Popov et al., 2018; Ogunjo et al., 2021). For instance, Kruger (2006) and Kruger and Sekele (2012) focused on South Africa and observed a rising trend in temperature and precipitation extremes, respectively. On a similar scale, (Vincent et al., 2011) observed significant trends in warming-related extremes and weak trends in precipitation extremes in western India. Recently, Ogunjo et al. (2021) observed rising trends in heat-related extremes and falling trends in cold extremes, such as cold days over Nigeria. While large-scale analysis provides a broader picture, localized analyses are important for area-specific and dynamic adaptation and mitigation strategies and activities. This is important, especially in urban areas of developing countries, where rapid development activities and population growth are influencing climate, thereby worsening the potential for harsh extreme events, especially those related to warming. However, to the best of our knowledge, studies that focus on extreme climate events, especially those related to temperature in urban areas, are scarce. Furthermore, there is a paucity of studies that relate urban growth to trends in extreme climate events, especially in developing countries, despite the projected growth and climate patterns. The growth of cities, which has occurred over the years, has changed the spatial structure of LCZs, and the responses of the thermal environment to these long-term changes need to be monitored and understood. The impact of climate change-related extreme events is greater where large populations and high-value properties are at great risk (Brown et al., 2010), which are characteristic of urban areas. A variety of socioeconomic and development activities can be adversely affected by harsh climatic extremes. For instance, high-temperature extremes can cause the melting of tarred roads and affect the density of air, thereby causing aircrafts to lose lift as well as causing mechanical problems in machinery and human health issues (Abatan et al., 2016). Evidently, the effects of long-term historical urban growth patterns on the thermal environment help in understanding the cumulative effects of slow and unmitigated anthropogenic activities that are important for planning future development trajectories.
Urban growth causes LCZ transitions that alter the spatial distribution of the LST, which perpetually influences the air temperature above. Therefore, the analysis of LST patterns provides two-dimensional information on the extent to which land surfaces are heating the surrounding air and influencing extreme temperature events. Similarly, temporal changes in the LCZ and the LST provide an overview of the effect of changes in surface properties and in the amount of heat received and emitted by constant surfaces over time. On the other hand, a third dimension that expresses the consequence of anthropogenic and natural influences can be offered by extreme temperature indices. To date, studies have kept surface and air temperature analysis separate, thereby limiting understanding of the interaction between these interfacing components (e.g., Pielke et al., 2011; Wu et al., 2012; Ahmed et al., 2013). For instance, replacing a natural LCZ with an industrial area will not only change LST due to the construction of buildings and impervious surfaces but also change the air temperature and associated extremes due to increased pollution and the greenhouse effect. It is important to quantify changes in LST and extreme temperature indices and isolate the influence of LCZ changes from other causes of LST changes. Air and surface temperature complement each other as the former represents all-sky conditions while the other represents clear-sky conditions only. Air temperature measurements can add value by providing useful information for decision support, such as using indices to highlight trends in extreme temperatures. Evidently, combining LCZ and LST information with extreme temperature indices provides insights into the interface between development and long-term climate extremes in dynamic urban environments. In view of observed and projected changes in temperatures of cities and increased anthropogenic activities, it is important to assess the corresponding changes in indicators of extremes related to low and high temperatures. Therefore, understanding the patterns of low and high-temperature extremes is required for the formulation of adaptation and mitigation strategies as well as for the implementation of sustainable urban development strategies.
Similar to other cities in the developing world, Zimbabwean cities are experiencing exponential growth, thereby resulting in expansive LCZ transitions. A previous study that looked at climate extremes in Zimbabwe focused on a large area by including countries in western central Africa and Guinea Canakry (Aguilar et al., 2009). The study focused on general trends in extreme rainfall and temperature, not a localized link between growth patterns and extreme climate events, especially in the context of LCZ. It is necessary to monitor the long-term changes in the urban thermal environment and understand them in the context of both LCZ dynamics and background (global warming). Hence, this study seeks to quantify 1) the contribution of LCZ changes to long-term changes in LST and extreme temperature events in Bulawayo and 2) the long-term influence of background warming on LST in different LCZs. The study also assesses the combined effect of LCZ changes and background warming on extreme temperature events using extreme temperature indices.
DATASETS AND METHODS
The Study Area
Bulawayo is located in the southeast of Zimbabwe and is the country’s second-largest city. The city is at an elevation of approximately 1358 m above sea level. Rainfall is prevalent between October and March, and the area is characterized as hot and wet, with an average temperature of 25°C. The rest of the months has an average temperature of 15°C under cool and dry conditions (Mutengu et al., 2007). The city is located in a semi-arid climate, where rainfall is erratic rainfall (annual average precipitation of 600 mm and rainfall ranging from 199.3 to 1258.8 mm). Proximity to the Kalahari makes the area vulnerable to droughts (Gumbo et al., 2003; Muchingami et al., 2012). While a network of weather stations is ideal for depicting spatial patterns in temperature extremes, only two weather stations, operated by the Meteorological Services Department, are operational in the city. One at Goertz Observatory is for public weather and climatological services and the other at Joshua Nqabukho Airport (Bulawayo Airport Meteorological Office - BAMO) is for aviation purposes, with its data inaccessible. Hence, due to the limited number of weather stations, combining space-borne LST with in situ air temperature observations enhances spatial and temporal analysis of the city’s thermal environment. Table 1 indicates the main sources of data in this study.
TABLE 1 | Sources of data used in this study.
[image: Table 1]Retrieval of Responses of LCZ to Growth of Bulawayo
Multispectral optical data for 1990 (Landsat 5), 2005 (Landsat 7), and 2020 (Landsat 8) were resampled to ensure the same orientation of pixels for all periods (Table 2). The data were also corrected for atmospheric effects using the dark subtraction methods following solar zenith normalization. For each year, imageries were collected in the cool dry, hot dry, and wet (post-rain) seasons. The rainy season was not used due to difficulty in obtaining cloud-free imageries, thereby making it difficult to have data for the same seasons in all considered periods.
TABLE 2 | Multitemporal and multispectral remote sensing imagery used in the study.
[image: Table 2]LCZs identified in the study area are described in Table 3. LCZ maps were produced for each year using the World Urban Database and Access Portal Tools (WUDAPT) Level 0 procedure (Bechtel et al., 2012; Mitraka et al., 2015; Cai et al., 2016). The technique involves digitizing training areas in Google Earth, mapping LCZ using the Random Forest classifier, and assessing accuracy in the SAGA GIS software. Sample locations (coordinates) of representative points were collected for each of the LCZ categories at evenly distributed places across the study area between 18 and 27 October. This experience also guided the selection of training areas for historical periods using Google Earth in the absence of field measurements. Field observations increased the validity of the analysis instead of exclusive reliance on Google Earth retrievals. Data were collected in a manner to capture not only interclass but also intraclass variabilities, especially those due to seasonality.
TABLE 3 | Description of LCZ categories identified in Bulawayo during field survey.
[image: Table 3]Approximation of Mean Spatial Distribution of Average Air Temperature Across LCZs
The city has only two weather stations (Goertz Observatory and Bulawayo Airport Meteorological Office). The two could not provide a spatial depiction of air temperature caused by LCZ variations in the city. As such, a 21 km2 resolution bias corrected the Worldclim maximum and minimum temperature data (https://www.worldclim.org/data/monthlywth.html). The data for 1990–2018 were used to depict the spatial variations of average air temperature in the city. The 1 km2 resolution data were not used because they did not cover periods after 2000. Although the study period continued to 2020, analysis of Worldclim data was only confined to up to 2018 due to the data available on the online platform. The gridded data were chosen due to the lack of weather stations to map the spatial structure of air temperature in the study area. The link between average air temperature and LST was qualitatively investigated. The Mann–Kendall test at a 95% confidence interval was performed to detect the effect of LCZ changes on annual average maximum and minimum air temperatures derived from the monthly Worldclim data.
Derivation of Extreme Temperature Indices and Their Trends
Brown et al. (2010) provided a definition of 27 extreme climate indices. In this study, we focused on 12 defined in Table 4 which characterizes temperature extremes. In this study, we used indices that compute based on the percentage of days below or above the thresholds (cool nights, warm nights, cool days, and warm days) and the number of days below or above the thresholds (warm spell duration indicator, cool spell duration indicator, frost days, summer days, and tropical nights) as well as intensity-based thresholds (highest maximum temperature, lowest minimum temperature, highest minimum temperature, and daily temperature range). Due to years of improvements, the computation of indices and their temporal trends have been incorporated into the freely accessible RClimdex software used in this study. The computation of extreme temperature indices makes use of continuous records of daily minimum and maximum temperature data for a given area. As such, daily maximum (TX) and minimum (TN) temperature data for the period 1990 to 2020 were used. Although low-temperature extremes, such as ground frost, are experienced in the study area, the ice days (ID0) extreme temperature index was not investigated because there are no records of snow in this semi-arid location. The selection of area-relevant climate extreme indices was in line with Almazroui et al. (2014), as they excluded analysis of extreme precipitation indices between 1981 and 2010 in Saudi Arabia because the area is dry, thereby recording very few days of rainfall in any year. Sein et al. (2018) also selected 19 extreme climate indices in Myanmar based on their applicability in the study area. Although Bulawayo is semi-arid, it receives rainfall on a countable number of days in a year. In this study, rainfall extremes were not included because the focus was on responses of temperatures and related extremes to growth and anthropogenic activities in the area. The data were initially quality controlled and put through a homogeneity test using the RH test, which is also provided as a component for the retrieval of indices (Zhang et al., 2004; Almazroui et al., 2014). Since the procedure included analysis of trends in extreme temperatures, homogeneity test was performed to identify nonclimatic changes, such as changes in location of stations. Fortunately, in the period under study, there was assurance that the instruments and location of stations did not change, given that very recent and known 30 years were analyzed. Previous studies (Sensoy et al., 2013; Almazroui et al., 2014; Sein et al., 2018; Geleti et al., 2019) also used at least 30 years and 30-year intervals to investigate trends in climate extremes. Trends in the indices were computed in RClimdex using ordinary least squares fit, and the Mann–Kendal test was used to test the statistical significance (Abatan et al., 2016). RClimdex manual (Zhang et al., 2004) provides detailed steps on the derivation of extreme climate indices and analysis of trends.
TABLE 4 | Extreme temperature indices used to assess climate change impact in Bulawayo.
[image: Table 4]Computation of Long-Term Changes in LST
Landsat 5, Landsat 7, and Landsat 8 thermal data were used to compute LST for 1990, 2005, and 2020. In each season, images were collected around the same dates [anniversary images–(Mouat et al., 1993)], with similar meteorological conditions (mainly on calm days with clear skies) on different days. Mouat et al. (1993) indicated that the influences in seasonal conditions are eliminated using anniversary images in change detection. Feng et al. (2014) used imageries of January to show the influences of land surface changes on LST from 1987 to 2007 in Xiamen City in China. Amorim (2018) showed that LSTs are influenced by rainfall activity prior to satellite overpass and data acquisition. This was achieved by ensuring rainfall activities 10 days prior to each scene were similar for imageries of the same season in different years. Since cloud cover also affects LST, cloud-free imageries were used. Therefore, LST changes in this study resemble changes for days with similar weather conditions preceding and during the satellite overpass. This eliminates randomness due to differences in weather conditions around the image acquisition time. Randomness was further reduced by computing an average LST layer for each year using retrievals from different seasons. Initially, the data were corrected for differences in solar zenith angles. While Landsat 8 has two thermal infrared bands, a single-channel technique was applied for all periods to minimize the effects of differences in computation algorithms on LST variations between times. Digital numbers of thermal data were converted to radiances using the reflectance toolbox in ArcGIS version 10.2, which were then used to determine the brightness and surface temperature using Equation 1 (Stathopoulos et al., 2004; Chen et al., 2006; Srivanit et al., 2012).
[image: image]
K1 takes a value of 607.76, 666.09, and 774.89 W/(m2 srμm), while K2 has values of 1260.56, 1282.71, and 1321.08 W/(m2 srμm) using Landsat 5, Landsat 7, and Landsat 8 data, respectively. A method based on spectral and blackbody radiance of the thermal infrared band was used to obtain a pixel-based land surface emissivity map ([image: image]) (Yang, 2004). Emissivity correction was applied to brightness temperature to obtain actual LST using Equation 2 (Weng et al., 2007).
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Where [image: image] is the central wavelength of emitted thermal radiance (11.5 μm for Landsat 5 and Landsat 7 and 10.9 μm for band 10 of Landsat 8) and [image: image] is equal to 1.438 × 10−2 mK. The procedure above was used to retrieve LST on different dates; thus, an average LST was developed for each year. The spatial structure of LST intensities was used for visual and quantitative analysis of changes that occurred between 1990 and 2015.
Linking Long-Term Changes in LCZ to LST Dynamics
Using spatial overlays, the average LST per LCZ category was obtained for each period. LST variations in each LCZ were analyzed between 1990 and 2020. Furthermore, data for 1990 and 2020 were used to derive normalized temperatures as well as to determine the effect of LCZ transitions on LST intensities. The normalized temperature approach (Zhou and Wang, 2011) enables the separation of intraclass LST changes from those due to LCZ transitions between any two intervals. In this study, intra-LCZ LST changes were attributed to other external factors, such as background warming, which were removed from interclass LST changes to derive the effects of LCZ transitions. Changes in LST without transition in LCZ were computed using Equation 3.
[image: image]
Composite differences in LST between LCZ j and LCZ i was computed by Equation 4.
[image: image]
The normalized temperature was then used to represent the change in LST due to the transition from LCZ i to LCZ j using Equation 5.
[image: image]
Where dTn is the change in temperature caused by the replacement of LCZ i by LCZ j, ∆Ti is the change due to other factors than LCZ change, and dTij is the change in temperature before normalization.
RESULTS AND DISCUSSIONS
LCZ Mapping and Transitions
The LCZs were mapped with overall accuracies of 98, 98.2, and 95% for 1990, 2005, and 2020, respectively (Figure 1). Built-up LCZs, namely compact low rise, lightweight low rise, and open low rise, expanded between 1990 and 2020. Densely built-up LCZs expanded in the western direction, while open settlement arrangements expanded in the eastern direction. Visual inspection of Figure 1A–C suggests that the expansion of lightweight low rise mainly intruded the low plants LCZ. There is also evidence of change from dense vegetation to low plants, which indicates deforestation as the city grows. Throughout the study period, the Goertz Observatory weather station remained in the open low-rise LCZ category, although changes were experienced in other areas, including its surroundings. Compact low rise, which occupied 3% in 1990, increased coverage to 4.5% of the entire study area in 2020. Marked quantitative expansions were observed in lightweight low rise and open low rise, which increased from 9.1 to 17.3% and 10.4–20.4% of the study area between 1990 and 2020, respectively. Vegetation and water-based LCZ declined during the same period with a marked change in low plants LCZ, which reduced from 68.2 to 51.4% of the study area.
[image: Figure 1]FIGURE 1 | Long-term changes in LCZs in Bulawayo. LCZ structure in 1990 (A), 2005 (B) and 2020 (C).
Spatial Distribution of Air Temperature and Link With LCZ
Average minimum and maximum temperatures decreased westwards in the city over the different study periods (Figure 2A–H). When comparing the built LCZs, high average minimum and maximum temperatures generally coincide with areas occupied by densely built LCZ, such as the compact low rise and lightweight low rise. High average temperatures also occurred in low plant areas, especially in the northern half of the city. Low plants LCZ included agricultural land, bare areas, and grasslands. The heat mitigation value of grasslands was overshadowed by the heat absorption effect of bare and dry vegetation of cropland areas in post-planting periods, thereby resulting in high temperatures in the low plants LCZ. On the contrary, low average air temperatures occurred in areas in the west occupied by open low rise, which are characterized by well-spaced buildings within a high fraction of healthy vegetation. Figure 2D shows that the northern half of the city experienced a drop in minimum air temperatures, while the southern half experienced increases. However, the rates of change in minimum air temperature over the 30-year period were almost insignificant (below 0.0001 °C/year). On the other hand, Figure 2G shows a pronounced rate of change in maximum air temperature in all areas of the city. Larger rates of change in maximum air temperature were recorded mostly in the southern half of the city, which corresponded to areas where massive growth of built LCZ occurred between 1990 and 2018. A comparison of temperatures in 1990, 2005, and 2018 showed that the year 2005 was warmer than the others (Figure 2B and Figure 2G). Since the overall trends based on continuous data from 1990 to 2018 showed warming, larger temperatures in 2005 than the other years could be attributed to climate variability with the broad changes. Additionally, before the intensification of the economic crisis in 2008, Bulawayo was the industrial hub of Zimbabwe. The marked warming from 1990 to 2005 could be due to increased industrial pollutants, which slowed down post-2008, thereby causing a drop in temperatures from 2005 to 2018. The temperatures remained higher toward 2018 than around 1990 due to contributions from some of the industrial activities, which managed to continue and other effects, such as LULC changes due to city growth.
[image: Figure 2]FIGURE 2 | Annual mean minimum temperatures (A–C) and their rate of change (D) as well as annual mean maximum temperatures (E–G) and their rate of change (H) from 1990 to 2018.
Responses of Air Temperature Extremes to Urban Growth and LCZ Changes
The changes in minimum temperature extremes were mostly characterized as insignificant trends (p > 0.05) and slope errors, which were greater than the slope at the Goertz Observatory station (Figure 3). As such, the average minimum temperature showed a decreasing trend with a slope of −0.008°C/year, a slope error of absolute value of 0.008°C/year, and an insignificant trend (p = 0.323)—(Figure 3A–H). Similarly, insignificant trends with slope error exceeding slope were observed on warm nights (Figure 3D), cold spell duration indicator (Figure 3E), and the highest minimum temperature (Figure 3F).
[image: Figure 3]FIGURE 3 | Trends in (A) Average minimum, (B) Frost days, (C) Cool nights, (D) Warm nights, (E) Cold spell duration indicator, (F) Highest minimum, (G) Lowest minimum, and (H) Tropical nights at the Goertz Observatory in Bulawayo.
Maximum temperature–related extremes showed meaningfully (slope greater than slope error) and significant trends (p < 0.05) between 1990 and 2020 (Figure 4). From 1990 to 2020, the mean maximum temperature for Bulawayo increased significantly (slope of 0.06°C/year, slope error of 0.017°C/year, and p-value of 0.002) as observed at Goertz Observatory (Figure 4A). Significant trends were also observed in the increase in warm days (Figure 4B), rising in the daily temperature range (Figure 4C), and increase in the number of summer days (Figure 4D), as well as in decrease in cold days (Figure 4E). Significant rising trends were also recorded in lowest and highest maximum temperatures (Figure 4G and Figure 4H), all indicating shifts to tormentingly hot daytimes. Although the trend was insignificant, events of successive warm days are also increasing, as indicated by a rising trend in the warm spell duration indicator (Figure 4F).
[image: Figure 4]FIGURE 4 | Trends in (A) Mean maximum temperature, (B) Warm days, (C) Daily temperature range, (D) Summer days, (E) Cool days, (F) Warm spell duration indicator, (G) Lowest maximum temperature, and (H) Highest maximum temperature at the Goertz Observatory in Bulawayo.
Long-Term Changes in the Two-Dimensional LST in Response to LCZ Changes
Figure 5 shows the expansion of high-temperature surfaces between 1990 and 2015. In 1990, LSTs in the 37.8–43.8°C range (Figure 5A) dominated the city, while LSTs below 43.8°C became uncommon in 2005 (Figure 5B). Visual inspection shows that in 2020, LSTs became even higher, with most areas recording values above 46.8°C (Figure 5C). The water areas were the most stable, with LSTs in the 16.8 to 37.8°C range in 1990, 2005, and 2020.
[image: Figure 5]FIGURE 5 | Spatial structure of LSTs in Bulawayo in (A) 1990, (B) 2005, and (C) 2020.
Lower LSTs were observed in residential rather than commercial built LCZs, with a marked decline as vegetation abundance increased (Figure 6). In all LCZs, LST changes were larger in 1990 to 2005 than in the 2005 to 2020 interval. For instance, the average LST for compact low rise increased from 40.8 to 47.7°C between 1990 and 2005, while it increased from 47.7°C between 2005 and 2020. LST in dense forest areas was almost similar to those in open low-rise regions and cooler than those in other LCZs, except in water areas.
[image: Figure 6]FIGURE 6 | Changes in mean LST across LCZs from 1990 to 2020 in Bulawayo.
Background Warming Corrected Effects of LCZ Transitions on LST Dynamics
The change from other LCZ types to compact low rise resulted in warming except for such change from low plants’ LCZ, which could lead to a 0.4°C drop in LST (Table 5). Replacing water with any other LCZ would cause warming by at least 9.6°C. Increased vegetation density in lightweight low-rise LCZ areas would cause an LST decrease of approximately 1.2°C.
TABLE 5 | Responses of LST to LCZ transitions corrected for background warming.
[image: Table 5]Discussion of Findings
Although all built LCZs expanded between 1990 and 2020, the residential areas (open low rise and lightweight low rise) expanded more than the central business district (CBD) and industrial areas (compact low rise). The expansion of residential areas provides evidence that the population of urban dwellers is increasing with time in developing countries. People develop the tendency to prefer advanced areas of the country, where improved amenities are available and there is ease of access to basic needs. Generally, in Zimbabwe, ownership of a home in an urban area is a symbol of wealth, which drives citizens to work hard to purchase land and develop it. Furthermore, as incomes improve, people also purchase land in spacious areas, as evidenced by the expansion of open low-rise LCZ, which coincides with medium- to low-density residential areas, where medium- to high-income strata reside. While the built LCZ expanded, vegetation and water-based LCZs shrunk during the same time interval. This is because of spacious housing developments within vegetation LCZs (open low rise) and, in other areas, massive replacement of vegetation with densely built compact low rise and lightweight low rise LCZs. The slower expansion of compact low rise than other built LCZs could be due to the cost of land areas due to commercialization in the CBD and industrial areas.
Analysis of Worldclim air temperature data showed low-temperature values in vegetation than built LCZs. High vegetation fraction areas benefit from the cooling effect of vegetation due to latent heat of vaporization transfer (Ca et al., 1998; Thatcher and Hurley, 2012; Tao et al., 2013; Chun and Guldmann, 2014). Since air temperatures are measured at 1 m, trees provide a shading effect at that height, thereby resulting in low temperatures in occupied LCZ (Toudert, 2005; Hwang et al., 2011; Puliafito et al., 2013; Zhao et al., 2015). A generalization of air temperatures caused by the coarse spatial resolution of the Worldclim data was inadequate for depicting minute temperature structures caused by fragmentation and LCZ heterogeneity in the study area. The details were not as spatially explicit as LST counterparts mapped when using Landsat data resampled to 30 m resolution. However, although the resolution was coarse, the air temperature map successfully showed the general effect of the LCZ structure on the near-surface thermal environment of Bulawayo.
Meaningful, though statistically insignificant, trends were recorded in frost days, lowest minimum temperature, and tropical nights extreme climate indices, which were decreasing, increasing, and increasing, respectively. Based on these trends, we deduced that there is an insignificant increase in night temperature, thereby causing slight warming, which has reduced the occurrence of low-temperature extremes and increased warm/tropical nights in Bulawayo. The night warming could be insignificant, given that Bulawayo is semi-arid with high chances of cloud-free nights, which allow radiation to escape to outer space, thereby moderating nighttime warming extremes. The expansion of the urban fabric could also provide the capacity to lose heat at slow rates, thereby reducing the chances of low-temperature extremes. However, this study did not involve an in-depth analysis of the materials used in urban construction beyond partitioning the city based on the LCZ scheme.
Observed significant rise in daytime temperature concurs with general trends of rising air temperature recorded in other studies in Zimbabwe (Unganai, 1996; Zvigadza et al., 2010; Brazier, 2015). For instance, Zvigadza et al. (2010) observed that temperatures in the country rose by over 1°C over 40 years up to 1998. However, these previous studies used low temporal resolution analysis and focused on average temperatures rather than extreme events. The study also showed that the lowest maximum temperature, highest maximum temperature, and the number of successive hot days significantly increased between 1990 and 2020. In recent years, record-breaking high temperatures and heat waves have occurred in different parts of Zimbabwe, especially during the hot season. Although the LCZ did not change at the Goertz Observatory between 1990 and 2020, maximum temperature extremes significantly changed during the period. This is similar to the findings that the values of extreme climate indices in all LCZs in Brno, Czech Republic, increased from the sixth decade of the 20th century toward the first decade of the 21st century (Geleti et al., 2019). Although this study was on a much-localized scale, significant trends in warming-related climate extremes are also in tandem with observations from other parts of the world. For instance, Rahimi and Hejabi (2017) observed significant warming trends in extreme temperature indices between 1960 and 2014 in Iran. Similar to this study, Popov et al. (2018) observed decreasing/increasing trends in cold/warm extremes in Bosnia and Herzegovina. A decrease in cool days, an increase in warm days, and an increase in mean maximum temperature were also observed over Lagos, Nigeria (Ogunjo et al., 2021). The warming could be attributed to an increase in anthropogenic activities, such as changes in LCZ and industrial activities, which add pollutants to the lower atmosphere.
The city surface was warming as the spatial structure of LCZs changed between 1990 and 2005. According to Nayak and Mandal (2019), urbanization causes temperature changes due to both alterations of LULC and greenhouse gas concentrations. Similarly, in this study, we attributed surface warming to LCZ transitions and background caused by anthropogenic activities, such as industrial emissions. Blake et al. (2011) also reported that Harare was warming, despite cooling in the decade from 1900 to 2002. The heat mitigation value of vegetation was not evident in low plants LCZ during the study period. The low plants LCZ is composed of a mixture of bare, agricultural, and grassland areas, thereby resulting in varied effects on the thermal environment. For instance, dry, bare areas and dry vegetation eliminate the heat mitigation value of healthy low plants. Furthermore, the study was conducted during the hot, dry season when most of the trees had shed leaves during the cool season. Most low plant areas will be bare or covered with dry grass, while agriculture areas will mostly also be bare or covered with dry crop residues with no heat mitigation value due to the absence of moisture. The warming effects of LCZ transitions concur with the assertion by Feng et al. (2014) and Gallo et al. (1993) that urbanization-induced changes can impact temperature trends similar to those expected under an enhanced greenhouse warming scenario.
Vegetation moderated LSTs even in built-up LCZs, such as lightweight low rise. Field surveys and Google Earth images show that in Bulawayo, even in lightweight low rise areas, residents prefer trees and other vegetation covers in available spaces. Similar to patterns observed in Harare (Mushore et al., 2018), open low-rise areas, which correspond to spacious settlements of middle to high-income strata, have abundant and well-maintained vegetation cover. According to Sithole and Odindi (2015), green spaces act as heat sinks as they tend to be porous and assimilate local heat, which explains low temperatures in areas of abundant vegetation. In recent years, although not measured in this study, lifestyle changes noticed in Zimbabwe’s cities, such as an increased volume of private vehicles, could explain larger increases in temperature after than before 2005. The smallest changes in LST were observed in the water LCZ, while similar surface warming patterns appeared in compact low rise and low plants LCZ areas. Even within an LCZ category, LST changes were recorded, thereby implying that the warming was not only due to LCZ transitions but also due to background warming. The warming effect of greenhouse gases within a city is not only confined to industrial areas as the pollutant spread around an open atmosphere. However, the impact is reduced by heat and carbon assimilation effects in areas where vegetation is abundant.
The study showed a three-dimensional warming pattern as the city of Bulawayo was growing. The LST was warming while air temperatures and associated extreme events rose between 1990 and 2020. The replacement of natural covers, especially vegetation and water with built LCZs, increases heat absorption capacity of the city, which warms the air as it moves over these areas, thereby resulting in increased air temperatures. The observed rates of change in LST were consistent with those observed in other studies and were larger than those in air temperatures. This could be due to differences in heat absorption rates and capacities between air and the LCZs. Additionally, air temperature measurements include variability due to clouds and are observed at higher temporal resolution (before averaging) than LST observations, which were only computed for cloud-free days and anniversary imagery. The findings concur with previous studies, which showed that urbanization causes warming in formerly natural environments (Weng et al., 2007; Grossman-Clarke et al., 2010; Jalan and Sharma, 2014). As such, Jalan and Sharma (2014) and Grossman-Clarke et al. (2010) indicated that replacing vegetation with urban fabric can increase LST by 2–4°C. Overall, the study showed that growth-induced LCZ transitions altered the spatial structure of LST while influencing air temperatures and temperature extremes.
CONCLUSION
This study investigated long-term changes in the thermal environment of Bulawayo metropolitan city by combining both surface and air temperature measurements. Air temperature measurements were used to derive indices for low- and high-temperature extremes. Both surface and air temperature measurements indicated that the city is warming. Although extreme low temperature–related indicators showed rising trends, the patterns were not statistically significant. On the other hand, warming is significantly increasing high temperature–related extremes. This concludes that comfortable hours are reducing during daytimes, while the nighttime relief has been maintained over the years. Besides warming due to LCZ transitions, the temperature rises were also observed within all LCZs. The study concluded that the background temperature rise due to global warming and LCZ dynamics combined effects to cause temperature elevation in the city. Replacing the water with other LCZ categories has the strongest implications on the thermal environment, thereby causing warming by at least 9°C in the altered areas. Construction of buildings in formerly vegetation LCZ areas and densification of buildings also have significant temperature elevation effects. Conversely, the densification of forests, maintenance of vegetation covers, such as grasslands, and conservation of wetlands have strong heat mitigation effects. LCZs and extreme climate indices combine to adequately explain the responses of the climate system to anthropogenic activities.
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The local rise in urban temperature is increasingly exacerbated due to the combined effect of urban heat islands and global climate change. Numerous studies have shown that green roofs (GRs) have great potential for facilitating urban heat mitigation. However, little is known about whether such cooling effects can be achieved under extreme heat conditions. With the expected occurrence of more extreme heat events under climate change, such understanding is crucially important for the effective design of heat mitigation. This study aims to fill this gap by investigating the pedestrian-level cooling effect of GR under two weather conditions (i.e., typical summer weather conditions and extreme heat conditions). This research employed a three-dimensional simulation model, ENVI-met, to simulate pedestrian-level air temperature for three typical residential areas with different roof heights in Beijing. We conducted the simulations in two different roof scenarios, conventional roofs versus green roofs. The results showed that green roofs could provide large cooling exceeding 0.2°C on downwind sides and in the daytime, although the average cooling intensity was small. The pedestrian-level cooling intensity of GR decreased significantly under extreme heat conditions compared to typical summer weather conditions. It varied diurnally following an inverted W-shape for both weather conditions. Results also showed that the pedestrian-level cooling intensity of GR decreased with the increase in roof height in a nonlinear way and became 0 when roof height reached ∼50 m for both weather conditions. The results of our research can provide important insights for cooling-oriented urban design in the future, as we are expecting such extreme weather conditions nowadays may be the new normal in the future.
Keywords: urban heat island, green roofs, cooling effects, extreme heat, ENVI-met
1 INTRODUCTION
The accelerating global warming significantly impacts cities where rapid urbanization is underway at the same time. For example, 68% of the population has been predicted to reside in urban areas by 2050 (UN, 2018). Among the many ecological challenges that cities face, urban heat island (UHI) is one of the most remarked (Francis and Jensen, 2017; Tian et al., 2021). UHI describes a well-known phenomenon that urban areas have higher temperature than the surrounding nonurban areas (Voogt and Oke, 2003; Shafique et al., 2018; Wang J. et al., 2019). Studies have shown that the higher urban temperature has adverse impacts, such as the alteration in species composition and distribution (Niemela, 1999; White et al., 2002), the increase in energy consumption (Castleton et al., 2010; Susca, 2019), and the increased mortality and heat-stress illness (Sailor and Fan, 2002; Knowlton et al., 2004). Thus, effective urban heat mitigation and adaptation strategies are highly desirable for a more comfortable urban thermal environment (Zhou et al., 2021; Wang et al., 2022).
Urban greening has been recognized as an effective means to alleviate extreme urban temperature (Zhou et al., 2011; Kong et al., 2014). However, although many cities have ambitious intentions to increase their urban vegetation, there are limited space and resources for urban planting, especially in cities with high density (Wang et al., 2022). Roofs, commonly accounting for approximately 20–25% of the total urban areas (Izquierdo et al., 2008; Besir and Cuce, 2018), can provide extra and optional surfaces and space for urban greening (Berardi, 2016). Although roofs are typically not close to pedestrians, green roofs (GR) were found to provide significant cooling effects (Shafique et al., 2018; Gao et al., 2019; Gao et al., 2020; Cristiano et al., 2021; Jamei et al., 2021; Liu H. Q. et al., 2021). Previous studies have shown that green roofs, especially intensive green roofs (IGR), can reduce air temperature at the pedestrian levels by 0.05°C in Paris, 0.1°C in Tokyo (Morakinyo et al., 2017), and 0.04°C in Berlin (Knaus and Haase, 2020). In addition, the pedestrian-level cooling effect of GR decreased with the increase in roof height (Ng et al., 2012; Herath et al., 2018; Jin et al., 2018; Zhang et al., 2019; Knaus and Haase, 2020), and tended to be zero when roofs were higher than a certain height, for example, 60 m (Ng et al., 2012).
Against global warming and rapid urbanization, extreme heat conditions, such as heatwaves, have become more frequent (IPCC, 2014; Cao et al., 2021). Urban greening can reduce urban temperature, but its cooling effect has been affected by weather conditions, such as air temperature (Wang et al., 2022). For example, the extremely high air temperature may lead to a decrease in the cooling effect of urban vegetation (Wang C. et al., 2019; Wang et al., 2020). The cooling effect of green roofs has been molded and revealed in most previous studies under typical summer conditions (Morakinyo et al., 2017; Susca, 2019). However, little is known about whether such cooling effects of GR can be achieved under extreme heat conditions (Klein and Coffman, 2015; Sun et al., 2016). Can GR work effectively under extreme heat conditions and therefore still provide a significant cooling effect at the pedestrian level? Is the change in cooling effects at the pedestrian level with roof height under extreme heat conditions similar to that under typical summer weather conditions? Addressing such questions can promote the understanding of the cooling effect of GR, mainly because such extreme heat conditions nowadays may be a new normal in the future (Mauree et al., 2019; Qi et al., 2021).
Here, we address these questions by simulating the pedestrian-level cooling effect of green roofs for three typical residential areas in Beijing. These three residential areas have different roof heights, thus representing the typical residential areas in the city. We employed the ENVI-met model to simulate the pedestrian-level air temperature for the selected residential areas in two scenarios: conventional and green roofs. We conducted the simulations under two weather conditions, including typical summer and extreme heat conditions. The objectives of this study were to 1) investigate the pedestrian-level cooling effect of green roofs under extreme heat conditions and 2) explore the change of such cooling effect along with roof height.
2 MATERIALS AND METHODS
2.1 The Study Area
The three residential areas are located within the fifth ring road of Beijing, the capital of China (39°28′—41°25′N, 115°25′—117°30′E). Beijing has a monsoon-influenced humid continental climate characterized by hot, humid summers and cold, dry winters. The average annual temperature is 12.3°C, and the average annual precipitation, most of which occurs in summer, is 572 mm (Jiao et al., 2021). Beijing has a built-up area of 1,458 km2 and a population of 21.54 million people in 2019.
Three residential areas, namely Guan Yin Jing Yuan (GYJY), Yu Ze Yuan (YZY), and Jin Chan Nan Li (JCNL), have been selected for this study. Their building heights were 18, 27, and 42 m, respectively, representing three typical residential areas in terms of building height in Beijing and most of the cities in China: multi-story, mid-rise, and high-rise(Figure 1). More than 80% of the total number of residential areas in Beijing belong to such types (Zheng et al., 2017). Except for building height, other characteristics of the three residential areas are similar, including the area of residential neighborhoods, the area of roofs, and the percentage of green space on the ground (Supplementary Table A1). They also have the same type of vegetation, including Styphnolobium japonicum (L.) Schott and Platanus orientalis Linn., two typical trees in Beijing (Jiao et al., 2021). The landscape of these three residential areas is common in Beijing.
[image: Figure 1]FIGURE 1 | Locations and the land cover base map in the true color of these three study residential areas and RCEES where the validation of the ENVI-met model was applied.
2.2 ENVI-met Model Validation
ENVI-met, which is a three-dimensional microclimate model (Huttner and Bruse, 2009; Tsoka et al., 2018), has been adopted in this study to simulate the cooling effect of green roofs. The model can simulate the complex interactions between buildings, vegetation, soil, and atmosphere in the urban environment based on fundamental laws of fluid mechanics, thermodynamics, and atmospheric physics (Crank et al., 2018). It is a grid-based model with a simulation resolution that can be down to 0.5 m in space and 1s in time (Tsoka et al., 2018).
We first evaluate the validation of the ENVI-met (version 4.4.6) model in Beijing. The evaluation has been applied to Research Center for Eco-Environmental Sciences (RCEES) campus (Figure 1). The domain size of the RCEES campus is 212.5 m × 262.5 m × 96 m. The spatial resolution of the ENVI-met model was 2.5 m × 2.5 m × 3.0 m (size of x, y, and z grids). Additional nesting grids were added to reduce the effects of model bounders. Supplementary Table A2 shows the initial input conditions (e.g., wind speed, initial air temperature, etc.) of the ENVI-met model, which used hourly forcing (Salvati and Kolokotroni, 2019).
Air temperature and relative humidity of the three sensors outside the RCEES campus, and wind speed of the auto meteorological station were input as initial conditions (Figure 1) (Salvati and Kolokotroni, 2019). Air temperature and relative humidity were obtained from monitoring sensors, HOBO MX2301, ONSET, with the measurement accuracy of ±0.2°C for air temperature and ±2.5% for relative humidity. The wind speed was collected by CR3000 auto meteorological station with a measurement accuracy of ±0.5 m/s. The measurements and ENVI-met evaluations were carried out starting at 6:00 a.m. on 31 July 2021 and till 11:00 p.m. on 1 August 2021.
The meteorological data (i.e., air temperature and relative humidity at 1.5 m) measured at five sites inside the RCEES campus was used to evaluate the ENVI-met model (Figure 1). The root-mean-square error (RMSE), mean absolute error (MAE), mean bias error (MBE), the index of agreement d, and the coefficient of determination R2 were used to evaluate the accuracy of ENVI-met (Tsoka et al., 2018). The evaluation results were reported in Table 1, showing the high accuracy of the microclimate simulation of the ENVI-met model in Beijing. The simulated and measured results were highly correlated with R2, and d were larger than 0.87 and 0.88 for all cases, respectively. Moreover, RMSE, MAE, and MBE were below 1.7°C for all sensors.
TABLE 1 | Evaluation results of the ENVI-met model performance in RCEES, Beijing.
[image: Table 1]2.3 Scenario Design
We then ran ENVI-met models for the three study residential areas in two roof scenarios and under two kinds of weather conditions. This study designed models using two roof scenarios, including the Base Model (BM) and the Green Roof Model (GRM). BM was built using conventional roofs, and GRM was built based on BM, adding intensive green roofs (IGR). Two typical trees were selected as the three-dimensional (3D) trees, and other plants (e.g., shrubs) were simulated as the simple two-dimensional (2D) plants in ENVI-met models. The parameters of green roofs: the hedge of leaf area index (LAI), the soil substrate layer depth, and the plant height were 2, 70 cm, and 1 m, respectively (Morakinyo et al., 2017). Other parameters, such as materials of buildings and roads, used values presented in (Chen et al., 2020), which was conducted in Beijing.
These simulations were conducted under two weather conditions, including typical summer and extreme heat conditions. We considered the weather conditions on 4 August 2020 as extreme heat conditions, with the highest air temperature of 37.2 °C, ranking the highest of the historical records of the latest 5 years in Beijing. The weather conditions on 1 August 2021 (i.e., the day of the model validation) were identified as the typical summer conditions, with the highest and average air temperatures of 32.7 and 29.3°C, respectively, very common in Beijing. The hourly wind speed, wind direction, air temperature, and relative humidity were input to create boundary conditions for the ENVI-met model, which used the simple forcing option (Supplementary Figure A1, Table 2). The model started at 6:00 a.m. on 3 August 2020 and at 6:00 a.m. on 31 July 2021. Although the models lasted 42 h, only the results of the last 24 h (i.e., 4 August 2020 and 1 August 2021) were used for the analysis because ENVI-met usually required a long initialization period (i.e., spin-up time) to obtain accurate simulation results (Sinsel et al., 2021).
TABLE 2 | Simulation parameters of the three residential areas in ENVI-met models.
[image: Table 2]2.4 Data Analysis
We then compared the two scenario models to derive the pedestrian-level air temperature difference between BM and GRM at each grid and every hour in three residential areas. Such temperature reduction due to green roofs was pedestrian-level cooling intensity. We used pedestrian-level cooling intensity to quantify the cooling effect of green roofs. We finally revealed the variations of the pedestrian-level cooling intensity with roof heights (i.e., building height). The polynomial function fitted the relationships between the pedestrian-level cooling intensity and roof height at multiple hours under two weather conditions.
3 RESULTS
3.1 The Cooling Effect of Green Roofs
The cooling intensity has significant spatiotemporal heterogeneity, especially showing large values on downwind sides and in the daytime (e.g., from 10:00 a.m. to 5:00 p.m.), although its average ones were small. Green roofs can provide large cooling on downwind sides, while the small ones were generally found on the upwind sides (Figure 2). For example, the cooling intensity at 4:00 p.m. on the downwind side can be larger than 0.1 °C but be zero on the upwind side (Figure 2). The cooling intensity of green roofs in three residential areas varied significantly diurnally in a similar inverted W-shaped way (Figure 3). The cooling intensity started to increase from 6:00 a.m., when the Sun rose, till it peaked between 10:00 a.m. and 1:00 p.m. It decreased after the first peak to the valley around 2:00 p.m. and then increased to the second peak values between 3:00 p.m. and 5:00 p.m. It finally dropped till 8:00 p.m., the sunset time, and became relatively stable to a small value at night (Figure 3). For example, although the average cooling intensity was small (Figure 3), the largest cooling intensity can exceed 0.2°C at 10:00 a.m. in GYJY (Supplementary Table A3).
[image: Figure 2]FIGURE 2 | The spatial distribution of pedestrian-level cooling intensity of green roofs at the time when the maximum air temperature of the day is reached. They were 4:00 p.m. on 1 August 2021 (Top) and 2:00 p.m. on 4 August 2020 (Bottom).
[image: Figure 3]FIGURE 3 | Diurnal variation of pedestrian-level cooling intensity of green roofs for three study residential areas under two weather conditions.
Results showed that the cooling effect of green roofs has decreased due to extreme heat conditions. The average pedestrian-level cooling intensity in GYJY, YZY, and JCNL was 0.02 , 0.01, and 0.00°C, respectively, under extreme heat conditions, much smaller than those which were 0.04 , 0.03, and 0.01°C, respectively, under the typical summer conditions (p < 0.01). However, the spatial heterogeneity of the pedestrian-level cooling intensity of green roofs showed similarity under two weather conditions, and so did the diurnal variations of cooling intensity (Figure 2, Figure 3).
In addition, the different levels of pedestrian-level cooling intensity have the same inverted W-shaped diurnal variations. According to each pixel’s averaged pedestrian-level cooling intensities, we divided the cooling effect of GR into different levels. Each level has an interval of 0.02 and 0.01°C of averaged cooling intensities under typical and extreme heat conditions, respectively. The high levels of cooling intensity, for example, the averaged cooling intensity with an interval of 0.12–0.14°C, suggested the large cooling that GR could provide. The diurnal variations of different levels were similar to an inverted W-shape (Supplementary Figure A2). The higher levels of the pedestrian-level cooling intensities reached the first peak earlier than the lower ones, but they reached the valleys and the second peaks almost simultaneously. Thus the higher levels not only reached the large values of cooling intensities earlier but lasted a longer time. This result indicated that their cooling lasted long in locations that achieved high cooling from green roofs. For example, the higher level of cooling intensity with an interval of >0.06 °C and the lower level of cooling intensity with an interval of 0.01–0.02 °C peaked at 10:00 a.m. and 1:00 p.m., respectively, in GYJY. Their second peak occurred at 5:00 p.m. It suggested that such large cooling can keep a long time in locations that achieve cooling greater than 0.06°C under extreme heat conditions (Supplementary Figure A2). Similar results were found in other residential areas and under two kinds of weather conditions.
3.2 Relationship Between Cooling Effect and Roof Height
The pedestrian-level cooling intensity of green roofs decreased with the roof height under two weather conditions, indicating that green roofs built on the high buildings would provide a low cooling effect at the pedestrian levels. For example, the average daytime pedestrian-level cooling intensities in GYJY, YZY, and JCNL with the building height of 18, 27, and 42 m were 0.05°C, 0.04°C, and 0.02°C, respectively, under typical summer conditions (Figure 4). Similarly, the average daytime cooling intensities under extreme heat conditions in these three residential areas were 0.03 , 0.03, and 0.01°C, showing a nonlinear decreasing trend.
[image: Figure 4]FIGURE 4 | Relationship between pedestrian-level cooling intensity and the roof height (or building height). A polynomial function fitted the relationships. Points with different shapes represent the pedestrian-level cooling intensity at different times, and the color of the lines represents two weather conditions.
There was an approximate threshold of roof height of 46–53 m, at which pedestrian-level cooling intensities of green roofs have been predicted to be zero (Figure 4), regardless of weather conditions. Although the cooling effect of green roofs significantly decreased under extreme conditions, its variations with roof height remain the same compared to results under typical summer conditions (Figure 4). For example, under typical summer conditions, GR built on the roofs of 18, 27, and 42 m can provide air temperature reduction of 0.05°C, 0.05°C, and 0.02°C at 4:00 p.m., but lost cooling effect when it was built on the roofs of 49 m. Similar results were found under extreme heat conditions, and the maximum roof height was 47 m. Overall, the pedestrian-level cooling intensity of green roofs on buildings higher than ∼50 m was predicted to be zero. It suggested that GR built on roofs higher than such threshold could not provide cooling at the pedestrian level under two weather conditions.
4 DISCUSSION
4.1 The Effects of Weather Conditions on the Cooling Effect of Green Roofs
Our results underscore the significant reduction of the cooling effect of green roofs under extreme heat conditions. Similar to the results from previous studies conducted in Beijing (∼0.07°C) (Qiu et al., 2021), our results revealed the 0.02–0.05°C of the daytime pedestrian-level air temperature reduction under typical conditions. Although the average cooling intensity was small, we highlight the large air temperature reduction on the downwind sides and in the daytime (e.g., 10:00 a.m. to 5:00 p.m.). However, such air temperature reduction under extreme heat conditions would be much smaller. This study is the first time to reveal that the cooling effect of green roofs at local scales would be reduced under extreme heat conditions, and similar results have been found in previous studies which focused on urban vegetation planted on the ground (Wang et al., 2020).
In addition, the cooling effects of GR varied significantly diurnally, showing an inverted W-shaped way, similar to previous results (Liu et al., 2018; Simon et al., 2018). Such variations were largely related to the response of evapotranspiration to air temperature (McAdam and Brodribb, 2015; Gillner et al., 2017). Increasing air temperature can induce the stomata to open and thus enhance evapotranspiration (Meili et al., 2021). However, the excessive air temperature would lead to the stomata being closed to protect trees from water loss and thus a dramatic reduction in evapotranspiration (Zhou et al., 2017). This water-saving strategy is reflected in the vegetation model in ENVI-met. Trees try to optimize their carbon gain-water loss relations, which are less beneficial under the high air temperature (Liu et al., 2018). Thus vegetation model assumes the high stomatal resistance to save water after midday (Bruse, 2004). Therefore a significant reduction in the cooling effect under extreme heat conditions or at the highest air temperature has been found.
Increasing urban vegetation, including vegetation planted on the ground and the roofs, is still an effective nature-based solution (NBS) to improve the urban thermal environment (Kumar et al., 2021). However, we must be aware that the cooling effect of the two types of aforementioned vegetation would be reduced under extreme heat conditions (Andric et al., 2020; Wang et al., 2020). Such reduction would be a challenge in the future when the extreme heat conditions would be the new normal because urban vegetation cannot provide significant cooling then (Ward et al., 2016; Pascal et al., 2021). Thus ecological management of urban vegetation (e.g., green roofs) is highly desired and warrants future research to achieve significant air temperature reduction under extreme heat conditions. The ecological management, such as the selection of species (Jim, 2015; MacIvor et al., 2016; Eksi et al., 2017), the optimization of the landscape of urban vegetation (Perini and Magliocco, 2014), and the maintenance (e.g., irrigation) of urban vegetation (Costanzo et al., 2016; Chagolla-Aranda et al., 2017), has been expected to help urban vegetation to generate the significant cooling, especially under extreme heat conditions.
4.2 The Effects of Roof Height on the Cooling Effect of Green Roofs
The cooling effect of green roofs at the pedestrian level depends on the evapotranspiration of green roofs and the roof height (Liu Z. et al., 2021). The evapotranspiration of green roofs suggests the cooling capacity of GR, and it is affected by the weather conditions (e.g., air temperature) (Section 4.1) (Rayner et al., 2016; Gilabert et al., 2021). The nonlinear response of evapotranspiration cooling of GR to air temperature leads to a nonlinear relationship between the cooling effect and roof height. Such findings are similar to the results of previous studies (Peng and Jim, 2013; Zhang et al., 2019; Sinsel et al., 2021).
Meanwhile, the roof height would determine how much of such cooling can travel vertically to the pedestrian level (Morakinyo et al., 2017). In this study, especially under typical summer conditions, 46–53 m of roof height was the farthest distance that evaporated cooling can travel vertically. In other words, when the roofs of the building are higher than such threshold, the evaporated cooling of the green roofs cannot travel to the pedestrian level. Similarly, under extreme heat conditions, the evaporated cooling of green roofs was decreased, and could not travel to the pedestrian level unless the roof of the building was low. Thus, a lower building height threshold was found under extreme heat conditions.
However, such a building height threshold, nearly 17-storey of residential buildings, is similar during urban planning and management. Our studies suggested that buildings lower than ∼50 m (i.e., 17 stories) can be applied to plant on the roofs because evaporated cooling of green roofs can travel down to pedestrian levels to improve the urban thermal environment. This urban greening action can significantly promote the cooling effect in urban areas with limited urban green space on the ground (Lin et al., 2021). More than 97% (in number) and 95% (in the area) of the buildings in Beijing were included considering such a threshold (Zheng et al., 2017). Therefore, planting on most buildings in Beijing could reduce air temperature on the pedestrian levels and help improve the thermal environment in Beijing.
In addition, green roof planning requires the socio-ecological thinking of urban ecosystems, in which social and ecological benefits should be integrated (Zhou et al., 2021). Cooling-oriented urban green roof planning needs to consider both outdoor and indoor cooling. Outdoor cooling would improve the urban thermal comfort, especially at the pedestrian level and indoor cooling can reduce the energy resources (e.g., power consumption for air conditioners) used and further anthropogenic heat cities released from the buildings (Besir and Cuce, 2018). Meanwhile, urban planners should consider the cost of green roofs and the population achieving the benefits (Shafique et al., 2018). Although planting green roofs on the low buildings could deliver much cooling to the pedestrian level, they can provide indoor cooling for a small proportion of urban residents who live in low buildings. On the other hand, although green roofs on high buildings can benefit more people, they would cost more (Manso et al., 2021). The optimized roof height at which cooling and social benefits can be balanced to create social and ecological win-wins warrants future research. In addition, the heights of buildings in the urban areas are staggered, showing spatial heterogeneity (Zheng et al., 2017). How to layout the green roof at more coarse scales is also worthy of further research.
This study has some limitations. First, we ran ENVI-met models without model evaluation in study areas (i.e. three residential areas) because there were not enough meteorological data. We evaluated ENVI-met models referencing the observed data on the RCEES campus. The validation suggested that the ENVI-met model had successful applications in Beijing, as much of previous research proved (Wang and Zacharias, 2015; Wu and Chen, 2017; Chen et al., 2020), but evaluating models in all study areas would be desirable. Second, we conducted the analysis only focusing on the air temperature reduction at the pedestrian level. Integrating green roofs’ indoor and outdoor cooling effects would be interesting and warrant future research.
5 CONCLUSION
This study aimed to reveal whether green roofs can provide a significant cooling effect at pedestrian levels under extreme heat conditions and how such cooling effects varied along with roof height. Using ENVI-met model simulation, we found: 1) Green roofs can provide large cooling which can exceed 0.2°C on the downwind sides and at the daytimes, although the average cooling intensity was small. 2) The pedestrian-level cooling intensity of GR under extreme heat conditions was significantly lower than that under typical summer conditions. 3) These temperature reductions varied significantly diurnally in an inverted W-shaped way under both weather conditions. 4) Results also showed that the pedestrian-level cooling intensity of GR decreased with the increase in roof height in a nonlinear way and has been predicted to be 0 when roofs were higher than ∼50 m (i.e. 17 stories) under both two weather conditions. This study enhances the understanding of the cooling effect of green roofs under extreme heat conditions. It can provide important insight for future cooling-oriented urban green roof planning.
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Indicator

Carbon Fixation

Water Yield

Soil Conservation

Habitat Quality
Cultural Ecosystem
Senvice

Landuse Development
Degree

Popuiation Density

Nighttime Lighting

Method
To study the metabolic capacity of the ecosystem, the net primary
productivity is used to characterize the Carbon fixation Yang et al.
(2016). Caregie Ames Stanford (CASA) model

The Water Balance Method Casagrande et al. (2021)

RUSLE Erosion Model Ye and Shi (2021)

Habitat Quality modle of the INVEST model Liu et al. (2021)
Recreation services, accessibility, and historical heritage services Yu
et al. (2018); Marina et al. (2020) demonstrate the level of cuitural
resources in the stucly area, so the study identifies the potential for
sustainable cultural development through this index

Worldpop 100 m population density raster dataset

NPP/VIRS annual nighttime lighting index

Calculation

NPPI.t) = APAR() x &, 8): NPP(.1) is the net primary productivity on-grid i in
time period t; APAR() is the photosyntheticaly active radiation index on-
gridiin time periodt, and &, 1) s the light energy conversion rate on-grid iin
time period t

WY = P-ET-D; WY is the annual water yield:; P is annual precipitation; ET
indicates the annual evapotranspiration; D i the surface runoff, which is the
product of surface runoff coefficient and precipitation Wang et al. (2020)
A = Rx Kx LSx Cx P; Al the erosion amount of soil; PA is the erosion
amount of soil; Ris the rainfall erosion factor; Kiis the soil erodibility factor; LS
is the slope length slope factor; G is the vegetation cover and management
factor, and P is the soil conservation measure factor. Among them, the
rainfal erosion factor (R) is set as a constant due to the small difference of
precipitation in the study area, and the P and C coefficients wil refer to the
research results of related literature

CS = 0.9L+0.1CH; L = 0.2LU+0.5P+0.15RD+0.15 PT; CS is the value of
cultural services; L is the value of recreation and leisure; CH is the value of
spiritual and cultural resources, calculated by estimation of historical and
cultural facilties in the study area. LU is the type of land use coverage; P is
the service of the parks in the study area, which is quantified with reference
to the evaluation of Guangzhou city parks in “Guangzhou City Park
Directory” “Guangzhou City Green Space System Plan (2020-2035)". RD is
road density, and PT is public transport station distribution density, which is
quantified by kernel density estimation to POI data of publiic transport
stations Yang and Li (2021); Bing et al. (2021)

The ratio of construction land to the total land area in the study unit. This
study quantifies the degree of land use development by the ratio of built-up
land to total land area within a 100 m grid Peng et al. (2017a)

There are significant differences in population density and nighttime lighting
index between different areas. Therefore, the study wil take the logarithm of
the two indicators PD and NL Gong et al. (2019)
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Landscape metrics

Percentage of landscape
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PLAND
PD
AREA_MN
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Al

Description

Proportional abundance of the corresponding patch type in the landscape (unit: %)
Number of patches of the corresponding patch type divided by total landscape area (unit: number per km2)
Total patch area of the corresponding patch type divided by patch number (unit: ha)

Mean distance to the nearest neighboring patch of the same type based on the edge-to-edge distance (unit: m)

Number of lie adjacencies involving the corresponding class, divided by the maximum possible number of lie
adjacencies involving the corresponding class, which is achieved when the class is maximally clumped into a
single, compact patch; multiplied by 100 (urit: %)
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Number

Index

Surface UHI (Rasul et al., 2015)

Surface UHI intensity (Li and Zhou, 2019)

UHI intensity index (Huang et al., 2019)

Urban cool island (Kong et al., 2014)

Cooling intensity of UGS (Yu et al., 2018)

Greenspace cool island cooling capability Zhang Y
et al., 2017)

Greenspace cool island (Du et al., 2017)

Greenspace cooling island intensity (Zhang X et al.,
2017)

Surface urban cool island (Chen et ., 2014)
Surface UHI intensity (Liu et al, 2016)

Calculation method

SUHI = T,~T,, SUCI = T~T,, where SUHI = surface urban heat island, SUCI = surface urban cool
island, T,, = mean LST of urban or core, and T, = mean LST of rural buffer. A 10-km buffer zone around
the city is used here to define the reference “rural” surface temperature

SUHIl = mean (LSTyman)-mean (LSTyuer), SUHII was calculated as the difference of mean LST between
the urban area and its buffer zone, in which the buffer zone is delineated with the equal size of the
corresponding urban area

UHIER = AT/T,=(T~T,)/T., UHIER refers to the UHI intensity index, expressed in relative LST in the area
and AT represents the difference between the LST of the i-th pixel () and the mean LST of rural
areas (T,)

UCI = AT=(T- T) (AT<0), where T = ¥7T,/n, that s to say, the summary of each pixel’s land surface
temperature (T) divided by the total number of pixels in the study area

Defining the cooling effect of greenspace patches as the LST difference between the patch and its
surrounding urban area. Defining the maximum cooling extent as the distance between the edge of the
greenspace and the first turning point of a temperature drop compared with the greenspace’s
temperature. This tuning point is the maximum ALST, which refers to as the cooling intensity

UCI = AT=(T- T) (AT<0), where T; is the LST of a given pixel and T is the corresponding mean LST
CS = A_UCI-A_GCI{AT<0), where CS represents the GCI cooling capability; A_UCI and A_GCI
represent the areas of UCI and GCl, respectively; and i is the ID of the corresponding grid

GOl effect is evaluated by the LST difference between greenspaces and their surroundings. From the
edge of a greenspace, and its surrounding buffer is sliced into annulus-shaped areas with a fixed width.
1) GCl range (GR): The distance between the first tuming point of the temperature curve and the edge of
greenspace. The unit is km. 2) Temperature drop amplitude (TA): The LST drop between the turning
point and greenspace interior. The unit is °C. 3) Temperature gradient (TG): The gradient (temperature
drop with unit distance) of surrounding LST. The unit is °C/km

GSCl = AT = T,~Tye, Where Ty is the day average LST,, for a certain UGS interior and T, is the daly
average land surface temperature measured by temperature and humidity probes LST,, in the external
10 m buffer of the corresponding UGS

Surface UCI was represented by the minimum LST of each urban green patch

SUHIl was defined as the mean LST difference between the urban region and its surrounding suburban
area. A threshold of impervious surfaces percentage (60%) was used to separate the ISA percentage
map into dense-intensity and low-intensity impervious surface areas. The urban border was produced
by aggregating the dense impervious surfaces regions with an aggregation distance of 1 km. The region
‘within the delineated border was considered an urban area, while the outside of it was defined as the
suburban area
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Water LCZ G)

Description

Dense mix of low-rise buildings (1-3 stories). Few or no trees. Land cover mostly paved. Stone, brick, tile, and concrete
construction materials

Open arrangement of low-rise buidings (1-3 stories). Abundance of pervious land covers (low plants, scattered trees).
Wood, brick, stone, tile, and concrete construction materials

Dense mix of single-story buidings. Few or no trees. Land cover mostly hard-packed. Lightweight construction materials
(e.g., wood, thatch, corrugated metal)

Heavily wooded landscape of deciduous and/or evergreen trees. Land covers mostly pervious ow plants). Zone function is
natural forest, tree cultivation, or urban park

Featureless landscape of grass or herbaceous plants/crops. Few or no trees. Zone function is natural grassland, agriculture,
or urban park

Large, open water bodies such as seas and lakes, or small bodies such as rivers, reservoirs, and lagoons
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Dataset Source

In situ meteorological data Meteorological Services Department of Zimbabwe
Worldclim data Worldcim website (https://www.worldciim.org/data/monthlywth.tmi)
Landsat data United States Geological Survey (USGS) earth explorer website (www.earthexplorer.usgs.gov)

Ground Truth Local Climate Zones Field survey and Word Urban Database and Access Portal Tool level O procedure (www.wudapt.org
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pubconsum
grosscapital
fixedcapit
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urban
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poordegree
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mitigate

Variable meaning

the total greenhouse gas carbon emissions equivalent value
energy consumption carbon emissions equivalent value

greenhouse gas emissions thousand tons of carbon dioxide
equivalent per capita

energy consumption emissions thousand tons of carbon
dioxide equivalent per capita

greenhouse gas emissions thousand tons of carbon dioxide
equivalent per unit of GDP

energy consumption emissions thousand tons of carbon
dioxide equivalent per unit of GDP

cimate-related development finance

gross domestic product

GOP square

private consumption

public consumption

total capital formation

fixed capital formation

total exports

total imports

urbanization level

island country and region

poorest countries

proportion of coal power generation in total

renewable energy power production capacity
researcher

climate adaptation related funds

climate mitigation related funds

Source: by the author.

Computing method

logarithm of total greenhouse gas emissions thousand tons of
carbon dioxide equivalent

logarithm of energy consumption emissions thousand tons of
carbon dioxide equivalent

logarithm of greenhouse gas emissions thousand tons of carbon
dioxide equivalent per capita

logarithm of energy consumption emissions thousand tons of
carbon dioxide equivalent per capita

logarithm of greenhouse gas emissions thousand tons of carbon
dioxide equivalent per unit of GDP

logarithm of energy consumption emissions thousand tons of
carbon dioxide equivalent per unit of GDP

recipient country or not, dummy variable (0,1)
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logarithm of fixed capital formation

logarithm of total exports

logarithm of total imports

(urban population/total populatior)*100

island or not, dummy variable (0,1)

poorest country or not, dummy variable (0,1)

proportion of coal power generation in total

renewable energy power production capacity

logarithm of researcher

sum of annual climate adaptation assistance

sum of annual ciimate mitigation assistance
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95.8

6.3

Duration
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14.41
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109.8
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Intensity

8.156
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26.96
130.4
2308
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