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Abstract
Urban heat islands (UHIs) pose growing risks to public health, infrastructure, and resilience. While often assumed to intensify with urban 
growth, dynamic changes in urban expansion and vegetation greenness complicate UHI trajectories, which remain poorly understood. 
This study investigated the interplay of urban expansion and greenness change on UHI spatial profile across 36 Chinese megacities 
during 2003–2018 using multiple satellite products. We introduce a framework that classifies urban areas into four dynamic 
development pathways based on impervious surface area (ISA) and enhanced vegetation index (EVI) trends: urbanized-greening, 
urbanized-browning, urbanizing-greening (UingG), and urbanizing-browning (UingB). While most urbanized centers exhibited 
greening driven by targeted initiatives and urbanizing suburbs showed browning due to vegetation loss, about 30% urban areas 
showed the reverse pattern, revealing overlooked complexity in urban development. Urban expansion and browning strengthened 
UHI in suburban areas, whereas greening initiatives mitigated UHI in urban center and mitigated UHI enhancement in suburban 
areas. Slowed warming in urban centers together with accelerated warming in suburban areas flattened the temperature gradient 
between urban centers and suburbs. This dynamic expanded the spatial extent of elevated temperatures and reshaped the classic 
urban-to-rural UHI profile into a flatter form. In UingB areas, UHI intensification was jointly driven by increase in ISA, vegetation loss, 
and their interaction, while in UingG areas, EVI increases and a negative interaction together offset over half of the warming driven by 
urban expansion. These findings reveal that UHI evolution is not unidirectional but depends on localized urbanization and greening 
dynamics, offering pathways for strategic heat mitigation.
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Significance Statement

Urban heat islands (UHIs) are often assumed to intensify indefinitely as cities grow. However, we show that the future of urban heat is 
more dynamic and depends critically on how urban expansion and vegetation changes interact. We find that urban greening can slow 
or even reverse UHI intensification in city centers, while suburban expansion together with vegetation loss exacerbates heat risks. 
These findings challenge the traditional view of UHI evolution and reveal that targeted greening efforts in both urban cores and sub
urban areas are essential for mitigating extreme heat risks. Our results offer actionable insights for sustainable urban development, 
emphasizing the need to integrate vegetation management into urban planning to build more resilient cities.
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Introduction
Continuous urban expansion globally has substantially modified 
regional climate in cities, leading to higher temperatures than ad
jacent rural areas, namely the urban heat island (UHI) effect (1). 
These localized warming effects are further exacerbated by global 
climate change, increasing heat risks in urban areas (2–4), with se
vere implications for public health, energy consumption, and air 
and water quality (5–7). In response to rising heat stress, urban 

greening initiatives, such as tree planting and green roofs, have 

emerged as effective strategies to mitigate UHI effect. Studies 
show that green spaces can reduce local temperatures by 10 °C 
in summer (8–12). As a nature-based solution, urban greening 
has been widely adopted to enhance resilience and improve over
all urban sustainability (13–15).

However, urbanization-driven warming and greening-driven 
cooling often occur simultaneously within cities, with rates and 
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intensities varying across neighborhoods (16). This complexity 
challenges the traditional understanding of UHI spatial profiles 
(ie spatial pattern of UHI along urban–rural gradients), which 
are commonly characterized as steep temperature gradients 
from hotter urban cores to cooler rural surroundings, primarily 
driven by increased impervious surfaces and vegetation loss in ur
ban centers (17, 18). In reality, UHI spatial and temporal dynamics 
are far more heterogeneous, shaped by complex and interacting 
land surface features and their evolution (19, 20). Suburban areas 
undergoing continuous urbanization often experience impervious 
surface expansion and vegetation loss (21, 22), thereby intensify
ing UHI effects (23–25). In contrast, urban cores often benefit 
from greening initiatives that contribute to localized cooling, par
ticularly from 3D tree canopies compared to low-lying vegetation 
(19). These contrasting trends can reshape the UHI profile, shifting 
cities away from traditional triangular UHI profiles (ie tempera
tures peak in dense urban centers and decline toward cooler sub
urban and rural areas) toward trapezoid, concave-centered, or 
multicentered UHI profiles, where suburban areas become emer
ging heat hotspots (26–28). Understanding these interactive dy
namics is critical for developing targeted heat adaptation and 
mitigation strategies.

Despite their importance, most urban studies have focused pri
marily on a single process, either UHI response to urban expan
sion or the cooling efficiency of urban greening, neglecting the 
temporal interactions between urbanization and greenness 
change across different areas of cities (25, 29). Few have examined 
how concurrent urbanization and greening pathways collectively 
shape UHI profile over time, often assuming these processes are 
mutually exclusive, with urbanization always resulting in green 
space loss (30, 31). Many analyses overlook cases where greening, 
such as tree planting, occurs alongside urban development in 
fragmented vacant lands (32, 33). Studies based on land-use clas
sifications have traditionally failed to capture continuous subgrid 
changes in imperviousness and greenness that do not alter land- 
use types (34, 35). As a result, studies that examine only urban ex
pansion tend to underestimate its impact on UHI, while those fo
cusing solely on greening often underestimate its cooling effects. 
Moreover, urban–rural dichotomy approaches or “space-for-time” 
substitutions, commonly used to analyze UHI intensity in relation 
to urban expansion and greening spatially, failed to account for 
evolution of UHI profile over time (36, 37), therefore obscuring 
the interactive impacts of concurrent urbanization and greening 
on UHI profiles (38–41). Consequently, the question of how and 
where the UHI profile changes within a city remains an open 
debate.

Chinese cities serve as highly representative cases that experi
enced concurrent urban expansion and greening over the past 
several decades. Early phases of China’s urbanization prioritized 
infrastructure development, often replacing natural vegetation 
and farmland with buildings and roads (42–44). In recent decade, 
efforts to expand green infrastructure have intensified, particu
larly in highly urbanized areas (45–48). Since 2004, urban vegeta
tion trends have shifted from decline to recovery (49–51), which 
proved to be effective in mitigating UHI effect (38, 52). Greening 
trends decreased from urban cores toward newly developed sub
urban towns and then transitioned to browning at urban fringes 
(21). These diverse urbanization pathways provide a unique op
portunity to examine the interactive effects of urban expansion 
and greening on UHI profile.

The goal of this study is to quantify the varying concurrent ur
banization and greening dynamics and their interactive impact on 
daytime surface UHI profile in 36 major cities in China during 

2003–2018. We answer three research questions: (i) what are the 
relative proportions of different urbanization-greening dynamics 
in these cities? (ii) How do the various urbanization and greening 
dynamics drive the spatiotemporal evolution of UHI profiles? (iii) 
What are the respective contributions of urbanization and green
ing to changing UHI? To answer these questions, we classified ur
ban areas within each city into four distinct dynamic categories 
based on the trends of urbanization (as defined by the impervious 
surface area [ISA]) and greenness (as defined by the enhanced 
vegetation index [EVI]) over time: urbanized-greening (UedG), 
urbanized-browning (UedB), urbanizing-greening (UingG), and 
urbanizing-browning (UingB) (see Methods). Surrounding rural 
areas of the same size were used as baselines to isolate the im
pacts of climate change in quantifying UHI intensity. We quanti
fied the changes in EVI and ISA and examined their interactive 
impacts on UHI profile in each of the four urban dynamic categor
ies. To better quantify long-term evolution of UHI across all sea
sons and overcome the short-term disturbance due to weather 
change, we applied an annual temperature cycle (ATC) model to 
moderate resolution imaging spectroradiometer (MODIS) land 
surface temperature (LST) data. This model calculates key param
eters, including the annual mean temperature (Cm) and amplitude 
(ie difference between max and min, Ca), and the date of the hot
test day (Cp), generating a continuous daily temperature time ser
ies for each pixel within each city (53). Ultimately, this research 
contributes to understanding the temporal evolution in UHI pro
file with urban expansion and greenness change, providing a ro
bust scientific foundation for urban planning for resilient cities.

Results
Divergent urban development pathways
All the cities considered here present divergent development 
pathways during 2003–2018 with four urban dynamic categories, 
driven by varying rates of urban expansion and greening initia
tives. On average across all cities, UingB and UedG occupy the lar
gest percentage of urban areas (39 and 32%, respectively), 
followed by UingG (17%) and UedB (13%) (Fig. 1a). This highlights 
prevalent vegetation loss or degradation associated with urban 
expansion in suburbs, accompanied by concurrent greening ini
tiatives in densely urbanized areas. Notably, however, 30% of ur
ban areas—a substantial proportion—experience either urban 
expansion alongside greening (UingG) or browning within already 
urbanized regions (UedB). This dynamic, which has received lim
ited attention in prior studies, underscores the complexity of how 
urbanization interacts with localized greening and browning 
processes.

The proportions of these urban dynamic categories vary largely 
across cities (Fig. S1). Urbanizing areas (UingG + UingB) occupy 
more than half of urban areas in 62% of study cities, indicating 
rapid urbanization during the study period. For example, 
Hangzhou, a fast-developing city, has the highest percentage of 
urbanizing areas (77% of urban areas), comprising 66% UingB 
and 11% UingG (Fig. S2). Greening areas (UedG + UingG) exceed 
half of urban areas in over one-third of the cities, and 84% of cities 
have at least 30% of urban areas with greening trend, reflecting 
widespread greening initiatives. For example, Beijing and 
Shanghai have 38 and 25% urban areas with greening trends in 
urbanized areas (UedG), whereas 23 and 20% in urbanizing areas 
(UingG), respectively. Even arid cities in northwest region contain 
large UedG areas, reflecting the implementation of effective 
greening initiatives.
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Generally, UedG and UedB, located in the urban center, exhibit 
low EVI and high ISA, whereas UingG and UingB, located in subur
ban areas, start with low ISA and high EVI in initial period 
(Fig. 1b–d). These spatial differences in EVI and ISA across the four 
categories were pronounced in 2003 but diminished over the years. 
ISA remained consistently high in fully urbanized areas (mean 
>0.98) with minimal variation over time, whereas it increased sig
nificantly (P < 0.01) in urbanizing areas (Fig. S3a). Specifically, ISA 
rose from 0.08 to 0.80 in UingG and from 0.04 to 0.84 in UingB, re
flecting ongoing urban expansion. At the same time, EVI increased 
in UedG and UingG (0.03/decade each, P < 0.01), faster than rural 
greening induced by climate change, demonstrating the effect of ur
ban greening initiatives (Fig. S3b). In contrast, EVI decreased in UedB 
(−0.03/decade) and UingB (−0.05/decade). Across cities, ISA and its 
changes show minimal spatial variation in suburbs, reflecting a 
consistent national pattern of urban expansion (Fig. S4a and b). 
Similarly, urban EVI and its trends exhibit lower spatial variability 
compared to those observed in rural EVI (Fig. S4c and d). This high
lights the influence of extensive urban greening initiatives in enhan
cing urban EVI, effectively offsetting the variability in rural EVI that 
is primarily driven by climatic changes.

Changes in annual UHI cycle
Alongside the variations in ISA and EVI, the ATC patterns exhib
ited differences in both magnitude and seasonal shifts across 
the four urban dynamic categories (Fig. 2a). All four urban cat
egories were warmer than rural areas throughout the year, indi
cating distinct UHI effects. On average, UedG had the highest 
annual mean temperature (Cm) and amplitude (Ca), followed by 
UedB, UingG, and UingB (Fig. S5a and b), indicating the decreasing 
UHI along the urbanization levels. Driven by the changes in EVI 
and ISA between 2003 and 2018, the urban–rural difference of 
ATC (ie annual UHI cycle) patterns changed variedly among four 
urban dynamic categories. The urban–rural differences in annual 
mean temperature (ΔCm) and amplitude (ΔCa) increased notably in 
UingB, UedB, and UingG, while declining in UedG (Fig. S5c and d). 
As a result, annual UHI generally increased in UingB, UedB, and 
UingG, but decreased in UedG (Figs. 2b and S6a), implying urban 

expansion in UingD and UingG and vegetation degradation in 
UedB amplified UHI, while the greening in UedG mitigated UHI. 
Meanwhile, the compensatory cooling effect of greening substan
tially reduced the enhancement of UHI in UingG during urban ex
pansion, leading to a smaller UHI increase in UingG than in UingB. 
Seasonally, both UHI and its change were the largest in summer 
and the least in winter. Overall, UHI in urbanizing areas increased 
much more than in urbanized areas (Fig. 2c), reaching 0.65 °C in 
summer and accumulating to 252.05 °C•day annually. 
Meanwhile, due to the influence of opposite greenness changes 
in the subcategories (ie cooling in greening areas and warming 
in browning areas), UHI difference between them decreased 
from 2003 to 2018 (Figs. 2c and S6b). Such decrease in urbanized 
areas reached 1.39 °C in summer and accumulated to 252.05 
°C•day annually, much more than that in urbanizing areas (1.28 
°C in summer and 227.45 °C•day annually). In the following ana
lysis, we primarily focus on summer UHI profile and its response 
to urban expansion and greening, given its substantial variations 
across four categories and its critical relevance to heat waves.

Expanded but flattened UHI
The varying warming rates among the four urban dynamic cat
egories resulted in an expanded extent but flattened gradient of 
the summer UHI profile—indicating larger heated areas but re
duced temperature contrasts from urban core to suburban areas 
(Fig. 3). In the initial years, there was a sharp decline of tempera
ture along the urban–rural gradient (Fig. S7), with the highest UHI 
intensity in UedG (4.75 °C), followed by UedB (3.34 °C), UingG (3.01 
°C), and UingB (2.16 °C) (Fig. 3a). Subsequently, UHI experienced 
significant (P < 0.01) intensification in urbanizing areas compared 
to urbanized areas, and in browning areas compared to greening 
areas (Fig. 3b). Over years, UingB showed the largest UHI increase 
(0.98 °C/decade) due to the combined effect of urban expansion 
and browning. Strong browning also contributed to a notable 
UHI increase in UedB (0.58 °C/decade), despite no urban expan
sion. In contrast, affected by cooling effect of greening, UingG ex
hibited only a slight increase in UHI (0.22 °C/decade), which was 
substantially smaller than the increase observed in UingB, despite 

Fig. 1. Divergent urban development pathways across all study cities. (a, b) Spatial pattern of area percentages of four urban dynamic categories in 36 
cities and their distance to urban boundary. (c, d) Mean ISA and EVI between initial years (2003–2005) and final years (2016–2018). Error bar represents 1 
SD among cities. UedG, UedB, UingG, and UingB.
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both experiencing similar levels of urban expansion. UedG even 
experienced a decrease in UHI (−0.24 °C/decade), due to the strong 
cooling effect of greening. As a result, UHI difference between 
urbanized and urbanizing areas, representing the impact of urban 
expansion, decreased from 1.50 °C to 0.75 °C, indicating reduced 
UHI variation across city over time (Fig. 3c). At the same time, 
UHI difference between greening and browning subcategories 
also decreased. Specifically, UHI difference between UedG and 
UedB declined from 1.49 °C to 0.07 °C, rendering UHI nearly iden
tical in these two subcategories in the final period. UHI difference 
between UingG and UingB markedly decreased from 0.89 °C to 
−0.41 °C. Consequently, by the end of study period, although the 
temperatures increased across the city (Fig. S7), UHI profile be
came more flattened along the urban–rural gradient (Fig. 3a).

Attribution between ISA, EVI, and their interactions
To better understand the respective impact of urban expansion 
and greenness change on the change of UHI profile, we 

disentangled the contributions of ISA, EVI, and their interactions 
to summer UHI change (ΔUHIISA and ΔUHIEVI) during 2003–2018 
in each of the four urban dynamic categories (Fig. 4a), using the 
multiple linear regression models with the interaction term (see 
Methods). We found that UHI responses were not simply additive, 
ie changes in EVI modulated the thermal effect of urban expan
sion, amplifying or offsetting warming depending on EVI trends. 
In urbanized areas with minimal urban expansion, ΔUHI was sole
ly caused by vegetation changes, whereas in urbanizing areas, 
ΔUHI was jointly driven by urban expansion and vegetation 
change as well as their interaction (Fig. S8). In UingB, the increase 
in ISA contributed to 43.2%, the decrease in EVI led to 25.4%, and 
the interaction led to 31.3% increase in UHI. Positive interaction 
effect indicates that as ISA increases (urban expansion) and EVI 
decreases (vegetation loss) occur together, the combined warming 
impact on UHI is more than expected from adding each effect sep
arately. In UingG, the ISA increase led to a 178.6% increase in UHI, 
but the increase in EVI offsetting the enhancement of UHI by 
25.9% while interaction offsetting UHI by 52.7%. Negative 

Fig. 2. Annual cycles of UHI and their change across all study cities. (a) Mean annual LST cycle during 2003–2018; (b, c) Changes of annual UHI cycle (b) 
and their spatial difference (c) between initial (2003–2015) and final (2016–2018) periods. Dashed black lines represent y = 0. The color represents different 
urban dynamic categories and their spatial difference: UedG, UedB, UingG, UingB. UedB–UedG (Ued:B–G), and UingB–UingG (Uing:B–G).

Fig. 3. Expanded summer UHI extent with flattened gradients. (a) Temporal change of UHI; (b) change in UHI profile between initial (2003–2015) and final 
(2016–2018) years; (c) temporal change in spatial difference of UHI. Error bar represents one-tenth of the SD among cities. ΔUHI was calculated by 
subtracting values in browning from greening regions. UedG, UedB, UingG, UingB, UedG–UedB (Ued:G–B), and UingG–UingB (Uing:G–B).
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interaction shows that when both ISA and EVI increase (vegeta
tion gain during urbanization), the cooling influence of greening 
further offsets the ISA warming.

The contributions of ISA and EVI on UHI were determined 
not only by the absolute change of ISA and EVI themselves 
(Fig. 4b–d) but also by the UHI response to their changes, ie 
ΔUHI/ΔISA, ΔUHI/ΔEVI, and ΔUHI/Δ(ISA × EVI) (Fig. 4e–g). In ur
banizing areas, the increase in ISA was larger in UingB compared 
to UingG, although ΔUHI/ΔISA were similar, leading to a slightly 
larger contribution of ΔISA on ΔUHI in UingB. Regarding changes 
in greenness, ΔUHI exhibited a larger response to ΔEVI in urban
ized areas than in urbanizing areas, demonstrating higher cooling 
and warming efficiencies in greening and browning subcategories, 
respectively. The former resulted in stronger cooling effects in 
urbanized areas compared to urbanizing areas, while the latter 
contributed to a reduced disparity in the warming effect between 
UedB and UingB, relative to their difference in EVI decline. The 
interaction term, ΔUHI/Δ(ISA × EVI), further revealed a negative 
sensitivity in UingG but positive sensitivity in UingB (Fig. 4g), sug
gesting that the interactive influence of ISA and EVI on UHI is 

subadditive, ie concurrent greening during urban expansion re
duces the warming expected from ISA increases, while co- 
occurring browning and expansion amplify urban warming.

Discussion
This study revealed the interactive impacts of urban expansion 
and greenness change in shaping UHI profile through diverse 
development pathways within 36 megacities in China. We found 
urban expansion in suburban areas elevated temperature, de
creasing the overall UHI difference between urbanized and urban
izing areas, whereas the greening in the urban center mitigated 
UHI. As a result, the UHI areas expanded but urban–rural gradient 
flattened, shifting from a sharp initial decline to a more gradual one 
(Fig. 5). As cities continue to face rising temperatures and urbaniza
tion, the study’s insights carry critical implications of prioritizing 
greening initiatives in urban cores and fast-urbanizing areas to ef
fectively mitigate UHI effects. Balancing infrastructure develop
ment with green space conservation is crucial for reducing heat 
risks, enhancing thermal comfort, and improving climate 

Fig. 4. Urban expansion amplifies while greening mitigates summer UHI changes. (a) Attribution of ISA, EVI, and their interactions to UHI changes across 
four urban dynamic categories in all cities during 2003–2018. Gray and red points with horizontal lines represent the observed and modeled net changes 
in UHI, respectively, after accounting for the offsetting effects of ISA, EVI, and their interaction (ISA × EVI). (b–d) The changes of ISA, EVI, and ISA × EVI. (e, 
f) the response of UHI to the changes in ISA, EVI, and ISA × EVI. The changes of EVI, ISA, and ISA × EVI were calculated using the mean values between 
initial period (2003–2005) and final period (2016–2018). ISA, EVI, and ISA × EVI were normalized before analysis to ensure comparability of effect sizes, 
while UHI was retained in its original units. ΔUHI/ΔISA, ΔUHI/ΔEVI, and ΔUHI/Δ(ISA × EVI) were determined by calculating the slopes of multiple linear 
regression models for each urban dynamic category and each city (see Methods). Error bar represents 1 SD among cities.
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resilience, supporting sustainable urban growth in a changing cli
mate (15, 54).

Our goal in defining the four urban categories was to create a 
simple yet conceptually clear framework that captures dominant 
patterns of coupled urbanization and vegetation change, reveal
ing first-order, spatially consistent trajectories between urban ex
pansion and greenness changes. Unlike traditional methods that 
primarily focus on urban expansion characterized by discrete 
land-use changes (55, 56), our approach captures gradual shifts 
in both imperviousness and greenness that may not alter land 
cover types but are critical for understanding subgrid dynamics 
often overlooked in both observation and models. Using this 
method, we identified areas with subtle yet meaningful vegetation 
degradation or greening, particularly in urbanized areas. Our 
study reveals that 30% of urban areas experienced simultaneous 
urban expansion and greening in suburban areas or browning in 
urban centers, which is previously underexplored in UHI research. 
These detailed patterns are instrumental in shaping UHI profiles, 
challenging the conventional assumption that urban expansion in
variably leads to browning (30, 31). This categorization can be ap
plied to refine UHI models by incorporating subgrid vegetation 
and impervious surface dynamics, enabling researchers and urban 
planners to better identify localized hotspots, assess the effective
ness of greening initiatives, and develop targeted mitigation strat
egies tailored to specific urban development patterns.

Several findings in this study challenge the common under
standing of UHI dynamics. First, we found that UHI intensity 
does not continue to increase indefinitely in highly urbanized cen
ter areas. Instead, increases are primarily concentrated in subur
ban areas experiencing vegetation degradation and continuous 
urban expansion. Simultaneously, greening efforts in urban cen
ters can reduce UHI intensity, highlighting that the future UHI tra
jectories will vary significantly depending on the extent and 
success of greening initiatives. Additionally, while previous stud
ies have linked UHI intensity to urban expansion and a positive 
correlation with urban size (36, 37, 57), our findings reveal that 
the rate of UHI increase varies across different parts of a city. 
Although UHI-affected areas will expand, the temperature con
trast between urban center and suburban areas will decrease, re
sulting in a flatter spatial gradient of UHI from urban to suburban 

regions, while maintaining a steeper gradient from suburban to 
rural areas. With robust greening efforts and ongoing suburban 
expansion, some cities may eventually shift to a trapezoid and 
even concave-centered UHI profile in the future, characterized 
by cooler urban cores and warmer suburban zones, contrasting 
with the current triangular UHI profile, where temperatures 
peak in urban center and decline outward (58). While the transi
tion toward a flat UHI profiles is still underway, the observed 
trends underscore the need to account for evolving, rather than 
static, UHI profiles when modeling future trajectories.

The implications of these findings are profound for urban plan
ning and climate adaptation strategies, particularly in the context 
of the inequitable distribution of the cooling benefits of trees with
in cities. While the cooling effects of urban vegetation are widely 
recognized, certain areas remain underserved. Our finding reveals 
protecting existing urban green space and increasing vegetation 
cover are essential actions to enhance the climate change resili
ence of urban areas. In urban centers, which often have much 
higher population densities than suburban and rural areas, resi
dents are exposed to greater risks from heat waves and are 
more vulnerable to climate warming (26). Expanding green spaces 
in these densely populated areas is crucial for mitigating extreme 
heat risks and improving public health outcomes. Moreover, we 
found the stronger cooling efficiency of greening in highly urban
ized areas compared to newly urbanizing areas, consistent with 
recent studies (59, 60), further underscoring the importance of pri
oritizing greening initiatives within densely built-up city centers. 
At the same time, a flattened UHI gradient from urban to subur
ban areas suggests that suburban areas, previously less affected 
by heat, are now experiencing greater heat intensification due to 
urban expansion. This highlights the urgent need for greening ini
tiatives in newly urbanizing suburban areas to mitigate rising heat 
exposure, a factor often overlooked in urban planning (21).

Importantly, the feasibility of implementing such greening 
strategies will vary across cities due to differences in governance 
structures, fiscal capacities, spatial planning constraints, and cli
mate zones. Large, well-resourced cities may be able to invest in 
ambitious greening programs, including large-scale park creation, 
vertical greening, and rooftop gardens, whereas smaller or less af
fluent cities may need to prioritize lower-cost measures such as 

Fig. 5. Schematic diagram of UHI profiles evolution driven by urban expansion and greenness change across the four urban categories. Urbanized 
greening areas exhibit a decline in UHI, while UedB, UingG, and UingB areas all experience an increase UHI, with the magnitude of increase escalating 
progressively from UedB to UedB. The dashed and solid red lines in final years represent UHI in initial years and final years for comparison. Vertical green 
and red arrow represents decline and increase in temperature in final years, respectively, compared to initial years.
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community tree planting or protecting remnant green patches. 
Rapidly expanding informal settlements require flexible, incre
mental approaches distinct from those in mature urban cores. 
Likewise, greening strategies should be tailored to climate and de
velopment context. In semiarid cities, drought-tolerant planting 
and efficient irrigation are essential, while in humid subtropical re
gions, expanding tree canopy can deliver strong cooling benefits. 
Policymakers and city planners can leverage these insights to im
plement differentiated and context-specific interventions that re
duce heat exposure across the urban–suburban–rural gradients.

While LST, as used in this study, is not directly equivalent to 
ambient heat exposure (more commonly associated with air tem
perature), it remains an important component of the urban ther
mal environment. LST strongly influences thermal comfort 
through its control of longwave radiation exchange between ur
ban surfaces and the human body, as well as by affecting near- 
surface air temperature and mean radiant temperature. Thus, 
although LST is less direct than air temperature in representing 
human heat exposure, it captures critical aspects of surface en
ergy balance that determine perceived heat stress. Nevertheless, 
differences between LST and air temperature can arise from 
surface heterogeneity, atmospheric mixing, and meteorological 
variability (61). Accordingly, we interpret our findings with cau
tion: the directional trends in UHI dynamics observed here are 
likely to reflect corresponding changes in air temperature, but 
the absolute magnitudes of heat exposure may differ.

Additional limitations include our reliance on linear trend ana
lyses, which may not capture nonlinear or abrupt changes in ur
ban development or greenness, and the use of equal-area 
approach used to define rural baselines, which, although widely 
adopted in urban–rural comparison studies (37, 38, 41, 57), may 
not fully account for local elevation differences that influence tem
perature independently of urbanization. Finally, while our analysis 
covers 36 Chinese megacities, future research should extend to a 
broader set of cities across diverse climate zones, socioeconomic 
contexts, and urban forms to improve generalizability and to test 
how greening–urbanization interactions play out globally.

This study reveals that UHI dynamics are more complex than 
traditionally understood, with temperature profiles varying sig
nificantly across urban centers, suburban areas, and rural re
gions. Our findings challenge the assumption that urbanization 
uniformly leads to vegetation browning and intensified UHI ef
fects. Instead, urban centers with greening initiatives exhibit a flat
tened, trapezoid, or even concave-centered UHI profile, where 
suburban areas may experience the highest temperatures. These 
findings highlight the critical role of vegetation dynamics in shaping 
UHI gradients and emphasize the necessity of targeted urban plan
ning strategies that integrate greening efforts in both urban cores 
and suburban areas. This has critical implications for climate adap
tation in densely populated urban centers, where limited vegetation 
and extensive impervious surfaces heighten exposure to intensify
ing heatwaves under a warming climate. Moving forward, integrat
ing vegetation dynamics into UHI models and examining the 
socioeconomic benefits of urban greening can provide a more com
prehensive framework for designing climate-resilient cities.

Methods
Datasets and processing
Open-accessed satellite daily LST, monthly EVI, yearly ISA, and 
yearly land cover type data were used in the study.

Daily LST data from MODIS product (MYD11A1) collection 6 
were used to investigate the dynamic of UHI and the cooling effect 

of greening. The MODIS LST data provides daily per-pixel LST and 
emissivity with 1 km spatial resolution since 2003. It is derived us
ing the generalized split-window algorithm, which effectively ac
counts for atmospheric interference to provide accurate surface 
temperature estimates. Following retrieval, additional bias cor
rection processes further enhance the precision of the LST meas
urements. MODIS LST are known for their high accuracy, with 
temperature error margins typically within ±1 K under most con
ditions (62) and have been widely used to study urban heat islands 
regionally and globally (2, 28). This study mainly focused on the 
daytime LST observed at 1:30 PM local time when the maximum 
temperature, strong surface UHI and its spatiotemporal variation 
(40, 63), and cooling effect of green space (64, 65) occurred.

Monthly composite EVI data from MODIS product (MYD13A3) 
collection 6 at 1 km resolution were used to quantify greenness 
and the greening trend for each city. This product is derived 
from the Aqua satellite, leveraging near-infrared and red reflect
ance bands to capture vegetation health, productivity, and bio
mass. MYD13A3 is processed to minimize atmospheric and view 
angle effects, yielding high-quality, globally consistent vegetation 
metrics. These indices are widely used for assessing global vegeta
tion dynamics and urban greenness change (21). We calculated 
the mean EVI in summer (June, July, and August) each year to 
quantify and explain the greenness change.

ISA data from annual maps of global artificial impervious area 
(GAIA) was used to quantify urbanization levels and dynamic. 
GAIA records the year of impervious area construction at a reso
lution of 30 m between 1985 and 2018 (22). Developed by integrat
ing Landsat satellite imagery with machine learning algorithms, 
GAIA offers spatial detail, capturing annual changes in artificial 
surfaces, including roads, buildings, and other urban infrastruc
ture. GAIA’s detailed ISA data supports urban planning, climate 
resilience strategies, and ecosystem assessments on a global 
scale.

MODIS land cover type data (MCD12Q1) collection 6 at a reso
lution of 500 m in 2018 was used to determine the urban extent 
of each city. The MCD12Q1 product provides annual global land 
cover classification, derived from MODIS data on both the Terra 
and Aqua satellites. It includes 17 land cover types (eg forests, 
water, and urban areas). We used the pixels of “Urban and 
Built-up Lands” in the land cover data to determine the boundary 
of the city (see details in Urban dynamic categories section). 
Meanwhile, we excluded pixels of water bodies in all analysis.

Given the differing data lengths of MODIS products and GAIA 
ISA data, we chose the study period from 2003 to 2018. To ensure 
consistency across datasets with varying spatial resolutions and 
projections, all raster data were reprojected and resampled to 
match MODIS LST pixels at a 1 km resolution.

Study cities
We investigated 36 representative cities across different geo
graphical regions in Mainland China, including four municipal
ities, 27 provincial capital cities, and five cities specifically 
designated in the state plan. All these cities are the central cities 
nationally and regionally in terms of population and economy in 
China. They have experienced fast urbanization and played a 
leading role in the development of society and economy. The se
lected cities account for over one-third of China’s total urban 
area and ∼45% of the national urban population in 2018, based 
on data from the 2018 China Urban Construction Statistical 
Yearbook (https://www.stats.gov.cn). Moreover, these cities con
tinue to experience rapid development and expansion in 
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alignment with the Chinese government’s urbanization plan. At 
the same time, they implemented a series of greening initiatives 
to adapt to climate change and improve livability, including public 
greening, residential greening, and scenic greening, following the 
ordinance for urban greening designed by the government in 2001 
(14, 43). Following these efforts, urban vegetation cover in these 
megacities saw a substantial increase after 2004 (49), with the 
greening rate nearly twice that of smaller cities (48). Notably, 
these anthropogenic greening measures substantially enhanced 
vegetation cover even in semiarid and arid cities in northwestern 
regions, effectively reducing the disparities in greenness among 
cities driven by climatic differences (42, 50).

Urban dynamic categories
We divided pixels in each city cluster into five categories, includ
ing four urban categories and one rural category, based on each 
pixel’s ISA, EVI, and their respective trends.

First, we determined the urban boundary for each city cluster 
and its surrounding rural areas. Urban boundaries were derived 
using the City Clustering Algorithm (CCA), which aggregates adja
cent urban pixels (identified from the MODIS land cover data) into 
continuous clusters based on spatial proximity and land cover 
classification, providing an objective, data-driven definition of 
city extents independent of administrative boundaries. 
Specifically, we first identified urban pixels from the MODIS land 
cover product (classified as “urban and built-up” areas). The 
CCA then iteratively groups these urban pixels into clusters 
when the Euclidean distance between adjacent pixels is within 
one pixel resolution (with a larger value applied for cities divided 
by wide rivers), effectively connecting neighboring built-up pixels 
into cohesive urban clusters. This approach captures both core 
and peripheral urban areas, reflecting functional urban systems 
rather than fragmented built-up patches. The resulting spatially 
contiguous urban clusters define the urban boundary for each 
city. The entire process was implemented using the “cca” function 
in the osc library in R (version 4.1.2). To enable a consistent urban– 
rural comparison, we then delineated rural boundaries surround
ing each city such that the total area of the selected rural region 
matched the total area of the corresponding urban footprint for 
that city. To avoid the disturbance of anthropogenic activities on 
natural vegetation change, we further restricted rural areas to 
pixels with an ISA value of 0 throughout the study period.

Second, we divided the urban areas within each city boundary 
into four dynamic categories based on the trends of ISA and EVI 
from 2003 to 2018. We first selected pixels in urban areas that 
fall into two ISA categories: urbanized areas (Ued), which have 
high ISA (>0.5 in 2003) and no increasing trend of ISA, urbanizing 
areas (Uing), which have low ISA (<0.5 in 2003) and an increasing 
ISA trend. These two categories represent 68.50% of the urban 
areas. We adopted ISA = 0.5 to distinguish urbanized from urban
izing areas, consistent with prior studies identifying similar 
threshold ranges (66, 67) and evidence that a 0.5 cutoff effectively 
separates built and nonbuilt surfaces (68, 69). We also conducted 
a sensitivity test using ISA = 0.4 and 0.6 and found that the propor
tion of classified categories is highly consistent, confirming the ro
bustness of our results to threshold selection (Figs. S9 and S10).

Then we divided Ued and Uing into two subcategories based on 
EVI: greening (an increasing EVI trend) and browning (a decreasing 
EVI trend). We used the sign of the EVI or ISA slope rather than 
statistical significance to define trends, as our focus was on long- 
term directional patterns. This resulted in four urban dynamic 
categories: UedG, UedB, UingG, and UingB. These four categories 

constitute the focus study areas of our analysis and are collective
ly referred to as urban areas throughout the paper. Pixels that did 
not meet the criteria for any of the four urban categories were ex
cluded from this analysis. Together with the rural category, they 
provide a comprehensive framework to assess the impact of dy
namic interactions between urbanization and greenness changes 
in cities on UHI.

ATC model
Remote sensing LST observations are frequently disrupted by 
cloud cover and precipitation, particularly in urban areas, result
ing in substantial data gaps (70). To overcome this problem, we 
adopted an ATC model to statistically fit the expected LST time 
series based on available discrete remotely sensed LST observa
tions. The ATC model omits day-specific anomalies, focusing in
stead on generating a climatological representation of long-term 
mean LST. This framework is advantageous for identifying grad
ual UHI evolution driven by urban expansion and vegetation 
change, while minimizing the influence of short-term weather 
disturbances. This model has been validated globally (53, 71) 
and across multiple satellite sensors (72), and it has been widely 
used to study urban thermal environment (28, 73, 74). Based on 
the ATC model, the annual cycle of temperature follows the sea
sonal progression of solar radiation and can be effectively mod
eled using the following sinusoidal function (53):

LST(d) = Cm + Ca sin (2π ·DOY/365 − 2πCp/365 + π/2), (1) 

where DOY is the day of year, and Cm, Ca, and Cp are three key pa
rameters, representing the mean, amplitude, and the day with the 
largest value in the ATC.

We calculated Cm, Ca, and Cp in each pixel using the nlsLM 
function of library minpack.lm in R4.1.2 in two steps. We first fit
ted the ATC model using all the available LST data and calculated 
the absolute error between the fitted and observed LST. We found 
there are some extreme errors, due to the random extreme wea
ther and cloud influence. We then calculated the threshold of 
an outlier (3/4quantile + 1.5IQR), excluded the observed data on 
these days (2.18%), and fitted the ATC model again. Moreover, to 
avoid the influence of extreme climate on the long-term LST 
change trend, we applied a moving average approach with a win
dow of 3 years to calculate ATC parameters. Finally, we fitted the 
ATC in each pixel from 2003 to 2018.

The fitted LST was evaluated against the observed values in 
each city using four indicators, the correlation coefficient (r), 
mean error, root mean squared error (RMSE), and regression slope. 
Generally, the fitted LST showed strong agreement with observa
tions in both annual and interannual variations (Fig. S11), with 
correlation coefficients larger than 0.9 in more than half of cities 
and a regression slope close to 1 in all cities (Fig. S12). The mean 
errors range from −2.11 to −1.01 °C, and RMSE ranges from 3.7 
to 5.7 °C, consistent with the study of at the global (53) and local 
scales (74).

Statistical analysis
Spatially, we calculated the difference of LST between urban and 
rural categories to quantify UHI intensity and its profile along four 
urban dynamic gradients. Similarly, we calculated the difference 
of EVI between urban and rural categories to quantify impacts of 
human activities on greenness (ie greening initiatives and urban
ization). Temporally, we conducted linear regression analysis for 
all the variables from 2003 to 2018 and used the regression slope 
to represent their changing rate. Meanwhile, we calculated the 
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mean values of UHI, ISA and EVI during 2003–2005 and during 
2016–2018 to represent the initial and final periods to quantify 
their absolute temporal changes during the study period.

To attribute the contributions of urban expansion (ISA) and 
changes in greenness (EVI) to the change in UHI, we construct bin
ary regression models, with UHI as the dependent variable and the 
urban–rural differences of imperviousness (ΔISA) and greenness 
(ΔEVI) as independent variables. To account for potential syner
gistic effects between urban expansion and greening, we also in
cluded an interaction term (ΔISA × EVI) in the regression model. 
These analyses were applied to the urbanizing regions (UingG 
and UingB), where both ISA and EVI exhibited substantial 
changes. In contrast, for the urbanized regions (UedG and UedB), 
ISA showed minimal temporal variation and no significant correl
ation with UHI (Fig. S8); therefore, only ΔEVI was included as the 
predictor in those models.

Given ΔISA and ΔEVI may have interaction in urbanizing areas, 
we tested for multicollinearity by calculating variance inflation 
factors (VIF) and examining correlation between ΔISA and ΔEVI 
(Table S1). All VIF values were below the standard threshold 
(VIF <3), indicating no multicollinearity. Correlations were low 
and insignificant for UingG areas, and moderately negative in 
UingB areas, reflecting the expected trade-off between increasing 
imperviousness and decreasing vegetation, rather than predictor 
dependency. Therefore, the regression models are considered ro
bust in distinguishing the individual contributions of EVI and ISA 
to UHI change.

Given that ΔISA and ΔEVI exhibit different scales and ranges 
across urban dynamic categories within a city, we standardized 
both ΔISA and ΔEVI within four urban dynamic category for model 
fitting using z-score transformation as follows:

ΔISAz = (ΔISA − μΔISA)/σΔISA (3) 

ΔEVIz = (ΔEVI − μEVI)/σΔEVI, (4) 

where μ and σ denote the mean and standard deviation of each 
predictor within four urban dynamic categories, respectively. 
This standardization enables comparison of effect sizes and mod
el coefficients across groups by removing scale dependency.

Separate models were constructed for each city and more than 
70% of models passed the significance test (P-values < 0.05). Using 
the regression models alongside changes in ISA and EVI over the 
study period, we calculated the UHI changes attributable to 
urban expansion (ΔUHIISA = βISA×ΔISAz), vegetation greenness 
(ΔUHIEVI = βEVI×ΔEVIz), and their interaction (ΔUHIinteraction =  
βinteraction×Δ(ISAz × EVIz). The modeled UHI change through the 
sum of ΔUHIISA, fΔUHIEVI, and ΔUHIinteraction aligned well to ob
served UHI change (Fig. 4a), further suggesting the robustness of 
the established regression models.
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Supplementary material is available at PNAS Nexus online.
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