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Abstract

:

Urbanization has changed the environmental conditions of vegetation growth, such as the heat island effect, which has an indirect impact on vegetation growth. However, the extent to which the direct and indirect effects of the thermal environment changes caused by urbanization on vegetation growth are unclear. In this study, taking the example of the Guangdong–Hong Kong–Macao Greater Bay Area, a fast-growing national urban agglomeration in China, the relationship between vegetation growth and warming conditions during the period from 2001 to 2020 were explored by the net primary productivity (NPP) and land surface temperature (LST), based on the vegetation growth theory, in urban environments. The results show that there is a significant exponential relationship between the warming and the growth of large-scale vegetation. This relationship is mainly attributable to thermal environmental factors, since their multi-year average contribution rate on the interannual scale is 95.02%. The contribution rate varies on the seasonal scale, according to which the contribution rate is the largest in autumn and the smallest in winter. This research is of great significance for predicting the potential response of vegetation growth to future climate warming and improving vegetation growth in urban areas.






Keywords:


urbanization; indirect effects; thermal environment; NPP; urban–rural gradient












1. Introduction


In the past few decades, the world has experienced rapid urbanization [1], and this is expected to continue in the future [2]. Urbanization refers to a complex coupled evolution of impervious surface expansion, population aggregation, and industrial non-agriculturalization [3]. The net primary productivity (NPP) is a key indicator of the vegetation growth of terrestrial ecosystem [4,5]. Urban vegetation is a special vegetation group dominated by artificial vegetation, which not only provides multiple ecosystem services for human well-being [6,7,8], but is also the sensitive landscape component to improve the urban environment [9,10,11]. The urban heat island effect caused by urbanization has a significant impact on the quality of vegetation growth [12,13,14]. Urban-vegetation remote sensing can be used to scientifically measure the natural attributes and the social characteristics of human living. Through the development of ecological civilization, combining China’s natural beauty and urbanization, it is urgent to comprehensively evaluate urban vegetation. How to quantify the effects of urban eco-environmental change on vegetation growth is an important task of urban ecology and remote sensing. However, positive vegetation growth due to urban environment changes, especially altered atmospheric chemistry, the heat island effect, and different forms of ecological management (fertilized nutrients, irrigation, and new plants), which can help urban ecosystem management to enhance ecosystem services, has been underestimated.



A framework has been proposed to distinguish the direct and indirect effects of urban expansion [15,16,17]. The direct loss of vegetation NPP occurs due to the conversion of vegetated productive land into non-productive land at the landscape scale [18,19]. Meanwhile, urban environment changes, such as atmospheric composition [20], soil moisture [21], and thermal environment [22], which are consequences of impervious surface expansion, has indirect effects on the spatial and temporal distribution of vegetation NPP [23]. Previous studies have reported the field measurement or remote-sensing monitoring to quantify the impact of urbanization on vegetation NPP [8,24,25,26]. Studies based on field measurement methods focus on the impact of urban environments on vegetation NPP at the species level [24,25], but cannot reflect the continuous impact of urban environments on a large scale. With the help of remote sensing, the impact of urban environments on large-scale vegetation NPP can be continuously monitored. However, most studies only reveal the overall impact of urbanization on vegetation NPP [8,26,27]; the systematic and dynamic effects of urban expansion on vegetation are not well understood. The overall indirect effects of urban environment changes on large-area vegetation NPP can be quantified [17,23,28], but it is necessary to improve our understanding of the contribution rate of the indirect effects among urban-environment changes, such as thermal environment dynamics.



Land-surface warming is a typical urban environment change caused by urbanization [20,21,29,30]. Vegetation in urban areas is typically exposed to temperatures that are higher than in rural environments; however, high temperatures may stress plant growth [31] or promote plant photosynthesis and the accumulation of vegetation NPP [29,32]. If vegetation responds similarly to altered temperatures in urban and rural areas, then urban–rural gradients can be seen as natural laboratories. However, it remains difficult to differentiate the relative contributions of varied environmental variables to vegetation responses to urbanization across the urban–rural gradient. Therefore, it is necessary to investigate the response of vegetation to land-surface warming, which can help us to be better to understand the indirect impact of urbanization on vegetation growth.



The main objective of this study was to explore the dynamic effects of urbanization on vegetation NPP. We developed a contribution rate to quantify the indirect effects of urbanization expansion on vegetation from the perspective of a dynamic urban–rural gradient over multiple years. Furthermore, full-coverage vegetation was identified in the urban–rural gradient to separate the direct and indirect effects of urbanization expansion. We aimed to investigate the urbanization-induced thermal environment changes over the past 20 years, the indirect impact of urbanization on NPP, and the warming-induced effects on vegetation growth.




2. Materials and Methods


2.1. Study Area


The Guangdong–Hong Kong–Macao Greater Bay Area (GHM-GBA) consists of nine mainland cities and two special administrative regions, Hong Kong and Macau, with a total area of about 56,000 km2 [33]. The natural condition of this region is subtropical monsoon climate with dense river networks. It is very hot and wet in summer. The terrain is high in the northwest and low in the southeast; however, most of its cities are located on the Pearl River Delta (Figure 1a,c). It is one of the most urbanized areas in China and is known as one of the four major bay regions in the world. Since it has experienced a rapid urbanization process, it is an ideal region to study the relationship between urbanization and vegetation growth. At the same time, some rural areas have been preserved, and it features a relatively complete urban–rural gradient. The microclimatic condition of GHM-GBA has undergone a significant urban-island effect, which has profoundly changed its ecological environment. It is also a natural laboratory in which to examine the thermal environment changes influencing vegetation growth, since vegetation in urban areas is often exposed to higher temperatures. The urban agglomeration area also reflects expected future environmental conditions in most non-urban areas. The vegetation types mainly consist of needleleaf and broadleaf forests (Figure 1b).




2.2. Data Sources


Several datasets were used to quantify the indirect effects of urbanization on vegetation growth, including MODIS-LST, MODIS-NDVI, Impervious surface data, auxiliary climate data, and a vegetation-type map.



	(1)

	
MODIS-LST. The widely-used MOD11A2 V6 product provides a time series of 8-day average land surface temperature (LST) with a 1-kilometer spatial resolution with a high accuracy [34,35]. In this study, the daytime surface temperatures of “LST_Day_1 km” were used to represent the LST, and the maximum-value composite data processing was transcribed into monthly data on the Google Earth Engine (GEE). Next, the brightness values (DN) was converted to degrees (°C). The quality of the data was also assessed by the ground-weather-station records. Using the average atmospheric temperature records of 7 stations in the study area, we analyzed the temperature records of the stations corresponding to MODIS-LST, and established a univariate linear regression analysis. The results showed that at the significant p < 0.01 level, the slope coefficient was in the range of 0.87~1.11, and the determination R2 was 0.72–0.79, indicating that the MODIS-LST data reflected the real thermal environment in the study area.




	(2)

	
MODIS-NDVI. The MODIS-NDVI dataset covered the period from 2001 to 2020, with a spatial resolution of 250 m and a temporal resolution of 16 days. The maximum monthly data processing was completed on the GEE platform.




	(3)

	
Impervious Surface Data. The land use/land-cover data were mapped by random forest method on the Google Earth Engine (GEE) platform from 2000 to 2020 [36]. Land-cover types were divided into six categories: cultivated land, forest land, grassland, water area, impervious surface, and unused land. The accuracy of various land-cover categories was above 88%. Next, the percentage of impervious surface area (ISP) for every 5 years was calculated on a grid with a size of 250 m × 250 m. The ISP represented a dynamic urban–rural gradient from 0% to 100%.




	(4)

	
Auxiliary data. The vegetation-type data were obtained from the National Glacier and Permafrost Desert Science Data Center. The vegetation-type data from the study area were extracted to estimate NPP. The climatic data, including the monthly sunshine percentage, monthly average temperature, and monthly precipitation data of 26 meteorological stations in the study area, were downloaded from the China Meteorological Science Data Sharing Service Network (http://cdc.cma.gov.cn/, accessed on 3 March 2021), which were interpolated in a spatial resolution of 250 m and used for NPP estimation [37,38].








2.3. Methods


2.3.1. Estimated NPP


The CASA model was used to estimate the monthly net primary productivity (NPP) of vegetation from 2001 to 2020. In the CASA model, NPP is estimated based on the photosynthetically active radiation (APAR) and light utilization efficiency of vegetation. The details of the calculation formula process can be found in [39]. The estimated NPPs were validated by other produces. The MODIS17A3HGF annual NPP product was used to verify the inversion results of this study. We set 250 random sampling points, and proposed a quadratic regression between the annual NPP data and the simulated data to compare the degree of agreement. The results showed that at the significant p < 0.01 level, there was a good quadratic relationship between the predicted data and the validation data, and the R2 was 0.46–0.61. However, since the spatial resolution of the MODIS17A3HGF was relatively coarse, and the high-value pixel was limited, there was a higher value in our estimated results than at the high-values region. This was spatially consistent with the trend.




2.3.2. ISP vs. LST


In order to contrast the effects of urbanization, an urbanization-intensity index was defined by the ISP within each 250-m × 250-m grid. The urban–rural gradient analysis was conducted within the whole boundary for GHM-GBA agglomeration area. The gradients of ISP were used to characterize the urbanization intensity in each 1% interval. The 0% of ISP was set as the base of non-urbanization. The overall difference LST (ΔLST) between urban and non-urbanized area was calculated to represent the impact of urbanization on LST. To explore the patterns of LST variation along the urban–rural gradient, LST for each 1% interval (i.e., 0–1%, 1–2%, …, 99–100%) were calculated. Next, the urban–rural gradient trend was extracted from the linear regression model as follows:


  Δ   LST   t , i   = a Δ   ISP   t , i     + b  



(1)




where   Δ   LST   t , i     is the annual or seasonal ΔLST of the i-th urbanization gradient in the t-th year,   Δ   ISP   t , i     is difference of the i-th urbanization gradient and the non-urbanized area (ISP = 0) in the t year, and i ranges from 1 to 100.




2.3.3. Identifying Indirect Urbanization Effects on Vegetation Growth


There are significant differences in vegetation cover (FVC) between urban and rural areas due to the loss of the vegetation area as a result of urban expansion, which directly affects the net primary productivity of vegetation. In order to identify the indirect impact of urbanization, it is necessary to estimate the NPP value when each urban–rural gradient is fully covered by vegetation, so as to eliminate the direct impact of urban–rural FVC differences.



Firstly, to separate the direct and indirect effects of urbanization on vegetation growth, a series of formulas were designed. The     FVC  i    were calculated in each pixel based on the NPP pixel, and then the actual NPP values of each pixel were separated by the FVC of the pixel to estimate the     NPP   a i     when the vegetation reached the full coverage state. The formulas are as follows:


    NPP   a i   =     NPP  i      FVC  i     



(2)






    FVC  i  =    S  v i      S w     



(3)




where NPPai represents when the NPP reached full-vegetation-cover status in the ith pixel (g C/m2), NPPi is the actual NPP value in the ith pixel (g C/m2), FVCi is the percentages of vegetation cover in the ith pixel, Svi is the area of vegetation in the ith pixel, and Sw is the area of the pixel, which in this study, was 250 m × 250 m.



Moreover, to identify indirect urbanization effects on vegetation growth, an exponential function was employed to explore relationship between NPP and ISP in the fully urban–rural gradient. Subsequently, a ∆NPP was used to refer to the difference value between NPP of non-urbanization area and the full-cover NPPai in each 1% interval gradient. The formula is as follows:


  Δ   NPP   t , i   = a  e  b · Δ   ISP   t , i       + c  



(4)




where   Δ   NPP   t i     is the annual or seasonal ΔNPP of the urbanization gradient in the t year. If ∆NPP is positive, we can infer that urbanization has a positive indirect impact on vegetation growth.    Δ   ISP   t , i     is difference of the i-th urbanization gradient and the non-urbanized area (ISP = 0) in the t year, and i ranges from 1 to 100.



Furthermore, to quantify the LST influence on NPP, the relationship between LST and NPP were built by the exponential function model in the urbanization gradient. The calculation formula is:


  Δ   NPP   t , i   = a  e  b ·    Δ LST    t , i     + c  



(5)




where   Δ   NPP   t , i     is the annual or seasonal ΔNPP of the i-th urbanization gradient in the t year, and      Δ LST    t , i     is the difference value of LST in the i-th urbanization gradient in the t year.




2.3.4. Quantifying the Effects of Warming on Vegetation Growth


In the theory of remotely sensed urban-vegetation growth, human-induced climate warming fertilizes vegetation [15]. In order to quantify the contribution rate of thermal environment to the indirect effects of urbanization on vegetation NPP, the study assumed that the indirect effect of urbanization can be divided into two parts: thermal environmental factors and non-thermal environmental factors. First, ΔNPP caused by the increased ΔISP is defined as the total indirect effect of urbanization. Next, ΔNPP caused by the increased ΔISP is defined as the indirect effects of warming on urbanization. Finally, the contribution rate of thermal factors to the indirect impact of urbanization can be calculated by the following ratio:


  ln   Δ   NPP   t i     =  k  I S P   Δ   ISP   t i   +  c 1   



(6)






  ln   Δ   NPP   t i     =  k  L S T   Δ   LST   t i   +  c 3   



(7)






  Δ   LST   t i   = a Δ   ISP   t i   +  c 2   



(8)






  Δ   LST   c o n   =   a ×  k  L S T      k  I S P     × 100 %  



(9)




where    k  I S P    ,    k  L S T    , and a are the coefficients in the univariate linear regression.   Δ   LST   c o n     represents the contribution rate of thermal environmental factors to the indirect impact of urbanization on NPP. When   a ×  k  L S T     is greater than or equal to    k  I S P    , this indicates that the indirect impact of urbanization on vegetation is completely determined by thermal environmental factors.   Δ   NPP   t i     is the normalized annual or seasonal ∆NPP of the ith urbanization gradient in the t year;     LST   t i     is the year or season ∆LST after the normalization of the ith urbanization gradient in the t year; and   Δ   ISP   t i     is the normalized urbanization intensity difference between the ith urbanization gradient and the non-urbanized area (ISP = 0%) in the t year.






3. Results


3.1. The Urbaniztion-Induced Thermal Environment Changes


There is a typically spatial gradient of the annual and seasonal mean LST in the GHM–GBA region, which reflects the warming in the central region and cooling on the eastern and western sides during the past two decades (Figure 2). The warming effect of urbanization has gradually increased over time. The results show that for each 10% increase in ISP, the annual LST gradually increased from 0.67 °C in 2001 to 1.04 °C in 2020. The greater the ISP, the greater the interannual fluctuation in the warming effect (Figure 3).



In order to quantify the urbanization-induced thermal environment changes, a linear regression was employed to show the difference in the LST for each year based on the urban–rural gradient (Figure 3). A warming effect (ΔLST > 0) from 2001 to 2020 was determined. The annual LST rose to approximately 0.70 °C. when the ISP increased by 10% in the urban–rural gradient. When the ISP increased by 80–100% in the central urban region, the annual surface temperature was at least 0.84 °C higher than that in the non-urbanized area (ISP = 0). These trends were also observed in other seasons. The temperature increases in spring, summer, autumn and winter were 0.38~1.83 °C, 0.45~2.57 °C, 0.69~1.98 °C, and 0.19~1.70 °C, respectively, for every 10% increase in each ISP gradient. The LST ranking for the four seasons was as follows when the ISP increased: autumn (0.84 °C), summer (0.74 °C), winter (0.63 °C), and spring (0.61 °C). This indicated that the urbanization-induced thermal environment increase amplitude was more obvious in autumn than in other seasons.




3.2. Indirect Impact of Urbanization on NPP


To identify the indirect impact of urbanization on vegetation growth, the full-vegetation-cover pixel was selected to eliminate the NPP change caused by the land-use/land-cover changes. The differences in NPP in the fully vegetated areas of the urban–rural gradient showed a positive exponential growth trend through an increase in ISP during 2001 to 2020 (Figure 4). However, urban environments may have a negative impact on vegetation NPP in low-urbanization areas. When the ISP was below 17.60%, the annual NPP decreased (annual ∆NPP < 0) by up to 107.87 g C/m2/a. When the ISP was higher than 17.60%, the annual NPP increased (annual ∆NPP > 0), indicating that urbanization promotes vegetation growth under the combined influence of urban environmental factors and human vegetation management. With the intensification of urbanization, the promotion effect of urbanization on vegetation growth gradually increased. When the ISP was over 60.00%, the annual ∆NPP surged, and the promotion effect of urbanization on vegetation growth was significantly enhanced. When the ISP was larger than 80.00, the annual NPP increased by at least 1640.19 g C/m2/a compared to the ISP = 0% non-urbanization area.



During the study period, the ISP threshold for the effect of urbanization on vegetation growth rose. The threshold effects of the ISP indirectly enhancing the urban NPP increased from 17.60% in 2001 to 0.01% in 2020, indicating that the positive indirect impact increased in the urban–rural gradient. Moreover, the ISP threshold had obvious seasonal differences. It was highest in winter, up to 48.48%, while it was not observed in summer, which shows that the indirect impact of urbanization on vegetation growth is the largest in summer, and the smallest in winter.




3.3. The Impact of Thermal Environment Changes on NPP


There was also an exponential growth relationship between the thermal environmental changes in the NPP from 2001 to 2020 (Figure 5). The annual NPP difference was mainly positive with the increase in LST, indicating that the warming effect caused by urbanization generally promoted vegetation growth. There were significant seasonal differences in the response of the NPP to the thermal environmental changes during the study period. The range of the thermal environment changes increased significantly, from 0.6~1.8 °C, across the urban–rural gradient; this exponential growth mostly exerted positive effects on the NPP, indicating that the warming effect caused by urbanization generally promoted vegetation growth.



The effect of the land-surface warming on the NPP was the largest during spring, during which the ΔLST increased by 1 °C and the ln(ΔNPP) increased by an average of 5.97 g C/m2/a. In winter, the ln(ΔNPP) increased by 4.99 g C/m2/a on average, while the ΔLST increased by 1 °C. The upper and lower quartiles were the widest in winter and the narrowest in spring, indicating that the impact scope fluctuated greatly in winter, but was more stable in spring (Figure 5).




3.4. Warming-Induced Effects on Vegetation Growth


Through the normalized regression coefficient of the effects of indirect vegetation growth, the contribution of the ISP and LST to urban vegetation growth was quantified (the red bar represents the ISP’s indirect impact coefficient; the blue bar represents the LST’s indirect impact coefficient), and, next, the contribution rate of the warming effect of urbanization on the NPP was identified (polyline, Figure 6). From 2001 to 2020, the contribution of the indirect effect of urbanization on the NPP grew, causing 91–98% of the vegetation growth; meanwhile, the indirect impact of the LST change on the NPP was 87–95%, indicating that the warming-induced indirect effects on vegetation growth contributed a value of 93.17–97.58%. The average contribution rate during the past two decades was 95.02%, indicating that urban land-surface warming is the biggest climate factor in vegetation growth in urban environments.



Moreover, these contribution rates were also observed in the four seasons. The ISP’s indirect effects were 96–98% in spring, 94–98% in summer, 91–98% in autumn, and 94–97% in winter, respectively. At the same time, the indirect impact of LST was 86–95% in spring, 87–95% in summer, 86–95% in autumn, and 59–94% in winter, respectively, during 2001, 2005, 2010, 2015, and 2020. The warming-induced vegetation growth contribution rates were 89.71–97.18%, 91.74–97.48%, 94.70–97.48%, and 62.87–97.27%, respectively. The largest contribution of the LST to the vegetation growth was in autumn, with a rate of 96.05%, and the lowest was in winter, with a rate of 86.37%. These results indicate that the implicit transmission-chain-induced urban vegetation growth was confirmed: urbanization, caused by land use/land cover, mainly enhanced the thermal climate in the urban–rural gradient to improve vegetation growth and promoted the growth of the NPP in urban areas. However, since these vegetation-growth ratios were far lower than the vegetation loss caused by urban expansion, the total NPP was still a trend of loss in the urban agglomeration area.





4. Discussion


4.1. Land-Surface-Warming Imprint on NPP Change


This study provides a land-surface-warming approach to quantifying the indirect impact of urbanization on vegetation using remote-sensing images, along with the dynamic urban–rural gradient, which deepens our understanding of the indirect effect of urbanization on vegetation growth. These findings are consistent with those of Zhao et al. [15], Guan et al. [23], and Wei et al. [29]. NPP is a key indicator of vegetation-growth quality within a specific time [6,7]. Urban land-surface warming has profound indirect effects on vegetation NPP, which is able to promote the growth of vegetation through urban thermal environments and man-made ecosystem management. Guan et al. [23] found that the urbanization of Kunming has had a significant indirect beneficial impact on vegetation productivity in the past 30 years, offsetting nearly 30% of the direct losses caused by the replacement of vegetation areas by impervious surfaces, which suggests that the temperature was the main factor in the indirect effect. Wei et al. [29] found that the heat-island effect was the main environmental factor in central Shanghai, based on the marginal effect of environmental factors, while other climatic factors, such as soil moisture and solar radiation, had little effect on vegetation productivity. Our study found that the contribution rate of the thermal environment to the indirect effects reached 95.02%. There were also seasonal differences: these indirect effects mainly occurred in summer and autumn. It seems that the indirect effects were due to seasonal urban microclimate environments and policies



Moreover, the GHM–GBA region is the earliest urbanization region in China. Since the rapid process of urbanization, many urban ecosystem management policies have been implemented in urban areas, such as ecological control lines, urban ecological restoration planning etc. The cities in the GHM–GBA region improved their green infrastructure network systems and park-city construction action plans, according to the law. These measures helped to protect urban vegetation effectively. The region is also suitable for vegetation growth based on its levels of rainfall and subtropical temperatures. This meant that the highest growth rate occurred after 2010. The emphasis on the ecological environment in the GHM–GBA region, along with the dynamics of the urban–rural gradient, made its ecological condition more suitable to vegetation growth. Therefore, the contribution rate and scope of urbanization to the indirect effects increased from 2001 to 2020, in different periods (Figure 7).



Previous studies have shown that other environmental conditions, such as atmospheric composition [20], soil moisture [21], etc., also have a certain impact on vegetation growth. Thus, the indirect effect of urbanization on vegetation growth quality is not only attributed to the thermal environment, but also to other environmental factors. However, according to our findings, urbanization mainly boosts vegetation growth by altering the thermal environment.




4.2. Uncertainty and Limitations


This study built a new approach to quantifying the indirect effects of urbanization, through which it was found that urban thermal environment changes are the most significant microclimate condition influencing urban vegetation growth. Most previous studies has examined the indirect effects of urbanization; however, these studies considered GPP as the key indicator [16]. Although the indirect effects of urbanization on vegetation NPP were closely examined, there were still some limitations in this study. One limitation is that the direct effects of urbanization, which we did not estimate, are usually negative [15,16]. Zhao et al. [15] found that the impact of urban environments on vegetation growth in 32 major cities of China explained approximately 40% of the direct loss of vegetation caused by the replacement of vegetation areas by impervious surfaces. In this study, we assumed that urbanization affected the full coverage grid in the urban–rural gradient; thus, it was not possible to quantify the extent to which the indirect impact offset the direct impact.



In addition, some studies indicate that urban warming promotes vegetation growth in suburbs, but not in urban centers [23]. By contrast, other studies show that the ability of urban warming to increase vegetation growth gradually weakens from urban centers to suburbs [29]. However, we quantified the indirect effects from a dynamic urban–rural gradient perspective. This perspective can be used to independently determine the gradient from a fixed location, and to generalize a continuous gradient; however, it also induced some uncertainty in the comparison of the specific effects of urban centers and suburbs.



Finally, this study also has some limitations and uncertainties in its remote sensing data analysis. Firstly, the NPP was estimated by the CASA model to characterize the vegetation growth quality, but due to the limited number of meteorological stations to interpolate the spatial input data, there may have been some uncertainty in the estimated results [37]. Moreover, we used the MOD17A3HGF data product to verify the high accuracy on a yearly scale; however, new and precise validation data were not found on a finer time scale. The quality of the estimated NPP in the urban areas may have been overestimated, which, in turn, affected the assessment of the relationship between urbanization and vegetation growth. Secondly, this research found that nonlinear statistical analysis is a better approach to explaining the pairwise relationship between urbanization, thermal environments, and NPP. However, statistical methods alone cannot fully reveal the internal mechanisms of thermal environments and vegetation growth quality in highly urbanized areas. In the future, more abundant and explanatory models based on ecological processes could be introduced to provide mechanistic explanations.





5. Conclusions


Rapid urbanization has led to the transition of the landscape matrix from nature to imperviousness, which alters urban ecosystems and micro-environments, which, in turn, may affect vegetation growth in urban areas. In this study, the spatial and temporal distribution of the indirect effects of urbanization on vegetation NPP were quantified in the urban–rural gradient of the GHM–GBA agglomeration region. It was found that the indirect effect of urbanization had a significant positive effect on vegetation NPP in the urban–rural gradient, with seasonal differences and interannual changes that were large in summer and small in winter. The indirect effects of urbanization were mainly caused by land-surface warming, which may have accounted for 95.02% of the indirect effects. Thus, the obvious existence of positive indirect effects indicates that thermal environment regulation can be utilized to improve vegetation growth and enhance ecosystem services by employing appropriate urban ecosystem management.
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Figure 1. Location of the Guangdong−Hong Kong−Macao Greater Bay: (a) location in China; (b) vegetation type map; (c) elevation map. 
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Figure 2. The annual and seasonal mean and slope of LST in the GHM−GBA region: (a) annual average LST; (b) spring average LST; (c) summer average LST; (d) autumn average LST; (e) winter average LST; (f) slope of annual LST; (g) slope of spring LST; (h) slope of summer LST; (i) slope of autumn LST; (j) slope of winter LST. 
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Figure 3. The impact of urbanization on LST during 2001–2020. 
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Figure 4. The indirect impact of ISP on NPP during 2001–2020. 
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Figure 5. The impact of annual mean LST on NPP during 2001−2020. 
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Figure 6. The land-surface-warming-induced contribution to the effects of urbanization on NPP during 2001–2020. Note: (a) spring; (b) summer; (c) autumn; (d) winter; (e) year.    k  I S P     represents the total indirect effect of urbanization;    k  L S T   ∗ a   represents the indirect effects of warming on urbanization. 






Figure 6. The land-surface-warming-induced contribution to the effects of urbanization on NPP during 2001–2020. Note: (a) spring; (b) summer; (c) autumn; (d) winter; (e) year.    k  I S P     represents the total indirect effect of urbanization;    k  L S T   ∗ a   represents the indirect effects of warming on urbanization.



[image: Remotesensing 14 02869 g006]







[image: Remotesensing 14 02869 g007 550] 





Figure 7. The scope and amount of ∆LST and ∆ISP, and the coefficient of ∆LST and ∆ISP: (a) spring ∆LST and ∆ISP; (b) summer ∆LST and ∆ISP; (c) autumn ∆LST and ∆ISP; (d) winter ∆LST and ∆ISP; (e) year ∆LST and ∆ISP; (f) coefficient of ln(∆NPP) and ∆LST. 
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