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A B S T R A C T   

Understanding the thermal contribution of urban land cover is crucial for alleviating urban heat islands (UHIs). 
Extensive work has assessed this contribution by estimating the responses of heat-related variables, such as land 
surface temperature (LST), to landscape patterns in terms of composition and configuration. However, ignoring 
the endogenous collinearity in landscape composition may lead to biased estimations. In this study, an elastic net 
regularized regression was used to disentangle the thermal contributions (i.e, the local cooling/warming effects) 
of six urban land cover types (i.e., water body, urban tree, grassland, bare land, impervious surface, and 
building) in the Beijing metropolitan region of China. In addition, the benefits of cooling/warming gains from 
the spatial aggregation of vegetation/buildings were quantified. The results indicate that for a 10% increase in 
coverage within an area of 1440 × 1440 m2, buildings appear to have a strong warming effect and raise local 
LST by ~1.26 ℃, which is much higher than the warming caused by impervious surfaces (~0.23 ℃). In contrast, 
water bodies, grasslands, and urban trees have different cooling effects that reduce local LST by ~0.72 ℃, 
~0.60 ℃ and ~0.57 ℃, respectively. Landscape configuration interactively affects local LST based on the 
composition. The aggregation cooling (~-1.2 ℃ at maximum) of vegetation only takes effect when the local 
vegetation coverage is less than 40%. The aggregation warming (~1.3 ℃ at maximum) of buildings occurs when 
the local building coverage is more than 15%. These findings provide new insights into the thermal contribution 
assessment of urban land cover that helps create urban heat island (UHI) mitigation strategies and plan future 
landscapes.   

1. Introduction 

Urbanization of natural lands has caused various types of environ
mental deterioration worldwide (Jaeger et al., 2010). An increase in 
built-up areas of 1.2 million km2 is forecasted by 2030, which nearly 
triples the global urban cover as of 2000 (Seto et al., 2012). Land use 
and land cover (LULC) changes notably disturb the land-atmosphere 
energy budget and consequently bring about urban heat islands (UHIs) 
(Grimm et al., 2008), which represent the phenomenon of a much 
warmer temperature in an urban area than its surrounding rural areas 
(Streutker, 2003). Warm temperatures promote the turbulent disper
sion of air pollutants and accelerate energy consumption (Li, Meier, & 
et al., 2018; Palme et al., 2017). According to Santamouris et al. (2015), 

approximately 0.5–8.5% of electricity demand is required to compen
sate for each degree of ambient temperature increase. In addition, the 
UHI effect poses threats to public health by increasing morbidity and 
mortality (Taylor et al., 2015), especially during heat waves (Anderson 
and Bell, 2010; Ostro et al., 2009). Nearly a third of the world’s po
pulation is regularly exposed to deadly heat, and the number is con
tinuously growing (Mora et al., 2017). 

Extensive work related to the UHI effect has been carried out at 
multiple scales ranging from microclimate investigations (Gros et al., 
2016; Jenerette et al., 2016; Razzaghmanesh et al., 2016) to UHI spa
tial-temporal variations (Deilami et al., 2018; Haashemi et al., 2016; 
Miles and Esau, 2017). At microscale, by simulating the interaction of a 
building with its surrounding environment, computational fluid 
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dynamics-based models (e.g., ENVI-met) along with in situ measure
ments are generally utilized to inspect the thermal comfort regime for 
block/street canyon layers with different surface materials and geo
metries (O’Malley et al., 2015; Qaid et al., 2016; Rajagopalan et al., 
2014). At the mesoscale, which also refers to the city scale, researchers 
have explored the relationship between heat-related variables, e.g., 
land surface temperature (LST), air temperature and landscape pat
terns, in terms of composition and configuration (Li et al., 2016; Peng 
et al., 2016). Composition represents the variety and abundance of a 
landscape, while configuration focuses on the geometric characteristics 
and spatial arrangements of patches within a landscape (McGarigal and 
Marks, 1995). At the global scale, satellite images are widely used for 
long-term monitoring of the occurrence and development of UHI in
tensity (Chakraborty and Lee, 2019; Peng et al., 2012). Cities with 
different hydroclimatic conditions have shown distinct diurnal and 
seasonal behaviors of UHI (Lai et al., 2018; Manoli et al., 2019; Shastri 
et al., 2017). 

Strategies for UHI mitigation based on landscape optimization have 
become a focus of urban ecology (Iping et al., 2019; Myint et al., 2015). 
Almost all associated studies agree that increasing blue/greenspaces 
while decentralizing built-up areas have potential benefits for thermal 
stress alleviation (Duncan et al., 2019; Hamoodi et al., 2019; Li, Zhou, 
& et al., 2018; Li et al., 2011; Shirani-Bidabadi et al., 2019; Ullah et al., 
2019). However, the efficient implementation of UHI strategies con
tinues to be challenging (Parsaee et al., 2019). One barrier to these 
strategies could be that the impact of landscape pattern on UHIs is still 
debatable. Although some studies emphasize that composition plays a 
more critical role than configuration (Chen and Yu, 2017; 
Maimaitiyiming et al., 2014; Zhou et al., 2011), others do not (Du et al., 
2016; Zhou et al., 2017). Therefore, the effects of both composition and 
configuration, as well as their interactions, should be further explored. 

Diverse empirical analyses are employed to quantify the response of 
LST to landscape composition/configuration. The ordinary least squares 
(OLS) regression (Connors et al., 2013; Li et al., 2012) is commonly 
used for its simplicity. Geographically weighted regression (GWR) 
(Buyantuyev and Wu, 2010) performs well within spatially varying 
relationships (Fotheringham et al., 2002). Mixed-effect models (Du 
et al., 2016) are also introduced to estimate the hierarchical effects of 
landscape patterns on LST. Spatial regressions (Chun and Guldmann, 
2014; Song et al., 2014) generally account for the autocorrelation of 
dependent variables by the spatial lag model (SLM) or that of random 
errors by the spatial error model (SEM). Despite the remarkable con
tributions of these works, two issues remain to be resolved. First, pre
vious studies (Estoque et al., 2017; Hao et al., 2016; Li et al., 2011; Ma 
et al., 2016; Zhang and Sun, 2019) commonly investigated the re
lationship between the LST and the proportion of vegetation or im
pervious area by ignoring other types (e.g., water body or bare land), 
which also have thermal contributions. Such ignoration, especially in 
complex landscapes, may lead to a biased thermal contribution esti
mation because a local thermal environment is formed by heat ex
change among multiple surface types in the physics of land processes. 
More importantly, the thermal contributions of other land cover types 
are unable to be assessed. The second issue develops based on the first. 
Assuming that we model the LST variation using all coexisted land 
cover types, a problem of the perfect collinearity arises (Chen et al., 
2010). Since a particular area with high vegetation coverage inevitably 
has a low coverage of other types, such structural collinearity leads to a 
synergistic effect of explanatory variables on the response (Graham, 
2003). This effect increases the sensitivity of regression coefficients, 
which is manifested as a small change in variables could cause wide 
variations in coefficients, resulting in wrong signs and irrational mag
nitudes for some regressors (Kmita et al., 2002; Parkin et al., 2002; Tu 
et al., 2005; Yoo et al., 2014). Consequently, the thermal contribution 
of each land cover type can hardly be disentangled without considering 
this multicollinearity. 

The objectives of this research are to assess the thermal 

contributions of multiple urban land cover types from the perspectives 
of composition and configuration. Specifically, we aim to (1) model the 
LST-composition relationship with the elastic net regression, which 
addresses the multicollinearity to disentangle the thermal contributions 
of multiple land cover types; (2) detach the effect of configuration from 
that of composition based on the established model in (1); and (3) in
vestigate how composition and configuration interactively affect LST. 
The thermal contribution of land cover is reflected in the combined 
effect of composition and its spatial features. 

2. Materials and methods 

2.1. Study area 

Beijing is the capital of China, covering an area of 16,808 km2. It is 
located on the North China Plain at latitudes of 39°28′N to 41°05′N and 
longitudes of 115°25′E to 117°30′E. Although ringed by mountains, the 
city lies on low and flat land with elevations generally between 40 and 
60 m above sea level. Beijing experiences a monsoon-influenced humid 
continental climate, making the summer rainy and hot and the winter 
dry and cold. Rapid urbanization and economic development in recent 
decades have led to drastic LULC changes. From 1987 to 2013, the 
built-up areas had increased by more than three times (Han et al., 
2015), which contributes to an urbanization rate of 86.4% in 2014 
(Zhang et al., 2015). At the end of 2017, the permanent residential 
population of Beijing had reached 21.7 million (Beijing Municipal 
Bureau Statistics, 2018). 

With the implementation of the Beijing Outline of the Eleventh Five- 
Year Program for National Economic and Social Development 
(2006–2010) (2006) and the Beijing General Planning (2004–2020) 
(2005), the previous 16 administrative districts have now been merged 
into four functional zones (Fig. 1b): the Core Function Zone (I), the 
Urban Function Extended Zone (II), the New Urban Development Zone 
(III) and the Ecological Conservation Zone (IV). The Core Function Zone 
includes the inner city that mainly consists of historical sites, old re
sidential buildings, and corporate headquarters. This zone is also the 
most urbanized area in Beijing. The Urban Function Extended Zone 
holds most technology parks, large forest parks, universities, and cen
tral business districts, thus becoming a center for commercial and in
ternational communication. These two zones provide us better footage 
for urban thermal environment investigation with various surface ma
terials and complicated landscape patterns. Thus, we conducted the 
study in the Beijing metropolitan region (shaded area in Fig. 1b), 
covering the Core Function Zone and most of the Urban Function Ex
tended Zone. 

2.2. Land cover mapping 

We used four cloud-free Gaofen-2 (GF-2) images acquired on June 9, 
2017, for land cover mapping. They were first orthorectified and then 
mosaicked for standard processing including radiation calibration, at
mospheric correction, and geometric correction. A panchromatic band 
was used to sharpen the multispectral bands with the nearest-neighbor 
diffusion pan-sharpening algorithm (Sun et al., 2014), which gave us a 
1-m fused image. 

Per-pixel classification is commonly used for land cover mapping, 
for example, the maximum likelihood of parametric classifiers and 
support vector machines, decision trees as well as random forest of 
nonparametric classifiers. The latter outperforms the former for its ca
pacity to noise processing, compatibility in multisource datasets 
without overfitting (Breiman, 2001), and higher classification accuracy 
(Foody, 2002; Rodriguez-Galiano et al., 2012). Bagging and boosting 
such as the extreme gradient boosting (Abdullah et al., 2019) are also 
used as a feature selection tool to enhance nonparametric classifications 
(Lu and Weng, 2007). 

However, when dealing with fine-resolution images, pixel-based 
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classification methods might perform inefficiently due to the com
plexity of spectral responses from small objects (Myint et al., 2011) and 
the lack of consideration of spatial information (Walter, 2004). In 
contrast, object-based image analysis methods spatially segment ad
jacent and spectrally similar pixels into small objects, hence achieving 
higher accuracy. We initially used eCognition 9.0 software to classify 
the fused image into several classes, including urban tree, water, 
building, shadow, grassland, shrub, bare land, pavement and artificial 
surface. Then, they were merged into six urban land cover types based 
on their physical properties and effects on LST (Du et al., 2016) 
(Fig. 1c): water body, urban tree, grassland, bare land, impervious 
surface and building. To verify the classification accuracy, we randomly 
generated two hundred validation points within the land cover map. 
Each point was tagged with true land cover labels based on high-re
solution Google Earth historical images. A land cover on-the-spot in
vestigation was also carried out for the points that could not be visually 
interpreted. The overall classification accuracy is 85.5% according to 
the confusion matrix for the land cover map (Table S1 in supplementary 
data). Table 1 represents the detailed descriptions of the six types. 

2.3. LST retrieval 

Various algorithms retrieving LST from satellite data have been 

developed, for example, single-channel algorithms, multichannel/angle 
algorithms, temperature emissivity separation methods, and artificial 
neural network-based methods (Li, Tang, & et al., 2013). Since the 
Thermal Infrared Sensor (TIRS) of Landsat 8 has two thermal bands 
(i.e., band 10 and band 11), multichannel approaches, e.g., split- 
window algorithms, should be adopted to achieve more accurate results 
compared to single-channel algorithms (Jiménez-Muñoz et al., 2014). 
However, stray light artifacts in TIRS data has been determined, and the 
magnitude of induced radiometric calibration errors in band 11 was 
found to be roughly twice as they are in band 10 (Montanaro et al., 
2014). Hence, the LST in this study was retrieved from the Landsat 8 
band 10. 

A Landsat 8 image (scene ID LC81230322017191LGN00) with 
cloud cover less than 2% was used to retrieve LST, which was acquired 
on July 10, 2017, from the U.S. Geological Survey (USGS). The raw 
digital number of the Landsat 8 band 10 was first converted to at-sensor 
brightness temperature, and a generalized single-channel (SC) algo
rithm (Jiménez-Muñoz et al., 2008) was then employed to estimate LST 
(Ts) using the following equation 

= + + +T L1 ( )s sen1 2 3 (1) 

where Lsen is the at-sensor radiance, ε is the surface emissivity, γ and δ 

Fig. 1. Location of Beijing in China and land cover map of the study area. (a) Location of Beijing, China. (b) Previous and new administrative districts in Beijing. (c) 
Land cover map of the study area derived from GF-2 images in 2017 with a spatial resolution of 1 m. 

Table 1 
Descriptions of the urban land cover types in the study.    

Land cover types Descriptions  

Water body Canals, rivers, lakes, ponds, reservoirs and any other open water 
Urban tree General urban vegetation with a certain height and canopy geometry, mainly including arbors, shrubs, bamboos, etc. 
Grassland Grass planted in parks, lawns for ornamental use and recreation, open lands with weeds and other green patches 
Bare land Lands that are not covered either by vegetation or artificial materials, generally unmanaged construction sites, and exposed soils 
Impervious surface Streets, highways, railways, pavements, parking lots that are made of asphalt, concrete, and ceramic tile 
Building Built-up areas including residences, commercial districts, and public facilities 
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are given by 
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with c1 = 1.19104·108 W · μm4 · m−2 · sr−1 and c2 = 14387.7 μm · K 
being the Planck’s radiation constants. Tsen is the at-sensor brightness 
temperature, and λ refers to the effective wavelength of the Landsat 8 
band 10 (10.904 μm). ψ1, ψ2 and ψ3 are the atmospheric functions es
timated from the atmospheric water vapor content (w, in g/cm2) by 
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with the matrix coefficients c11, c12, …, c33 derived from the Global 
Atmospheric Profiles from Reanalysis Information (GAPRI) database 
(Jiménez-Muñoz et al., 2014; Mattar et al., 2015). 

The atmospheric water vapor content was acquired from the level-2 
Water Vapor (pre- and post-field calibrated, cloud-screened, and 
quality-assured) by NASA’s Aerosol Robotic Network (Giles et al., 
2019), which is available online (http://aeronet.gsfc.nasa.gov). The 
water vapor value at the Landsat acquisition time was approximated by 
using the closest data of the site “Beijing-CAMS” (39.93°N, 116.32°E) on 
July 10, 2017. 

Surface emissivity is a critical parameter for LST retrieval. Based on 
the emissivity correction procedure given by Malakar et al. (2018), the 
emissivity was first spectrally adjusted (εadj) from ASTER GED v3 
(available at https://lpdaac.usgs.gov/products/ag100v003/) by 

= + +c c cadj 13 13 14 14 (5) 

where c13, c14, and c are the regression coefficients, and ε13 and ε14 are 
the ASTER GED v3 emissivity values for band 13 and 14, respectively. 
Then, it was dynamically adjusted accounting for vegetation phenology 
by 

= +f f(1 )v Landsat veg v Landsat bare, , (6) 

where 

=
f

f1bare
adj veg v ASTER

v ASTER

,

, (7) 

where εveg is the vegetation emissivity, which is set to 0.98, εbare is the 
estimated ASTER bare soil emissivity, and fv,Landsat/ASTER is the frac
tional vegetation cover (FVC) corresponding to the normalized differ
ence vegetation index (NDVI) of Landsat or ASTER. 

2.4. Thermal contribution of land cover composition 

To evaluate the thermal contributions of various land cover types, 
we established a linear relationship between the land cover fraction and 
local LST over a moving window as follows 

=
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where xij is the jth land cover fraction in the ith window for n windows 
and k land cover types, y is the mean local LST averaged by all LST 
pixels over the window (for convenience, denoted as LST* in the fol
lowing text), β is the regression coefficients, and ε is the error term. A 
positive sign of βj indicates that LST* increases as the jth land cover 
fraction increases, which means that the jth land cover has a positive 
thermal contribution (local warming effect). A negative sign of βj de
notes that LST* decreases as the jth land cover fraction increases, which 
means that the jth land cover has a negative thermal contribution (local 

cooling effect). 
If we directly solve Eq. (8) by using the OLS method, the resulting ^

are estimated by minimizing the sum of the squared residuals 

= =
y x( )

i

n

i
j

k

ij j
1

0
1

2

(9)  

However, since all land covers within the window were considered, 
a perfect collinearity (Chen et al., 2010) exists in the land cover frac
tions, i.e., + + …+ =x x x 1i i ik1 2 . Elastic net regression (Zou and Hastie, 
2005) was accordingly employed to address such collinearity by adding 
the lasso penalty = | |j

k
j1 and ridge penalty =j

k
j1
2 to the loss 

function (Eq. (10)). Lasso can be regarded as a selection operator that 
shrinks absolutely by forcing the coefficients with minor contributions 
to exactly zero, while the ridge shrinks the coefficients with minor 
contributions to approach zero but retains them all (Lenters et al., 
2015). Elastic net is a novel shrinkage that bridges the ridge and lasso 
regression, and it outperforms lasso on highly correlated data (Zou and 
Hastie, 2005). The elastic net regression gives ^ by minimizing the 
follows 
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= = = =
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where λ defines the extent to which the coefficients shrink, and α is the 
mixing parameter ranging from 0 to 1. These two tunable parameters 
were optimized by cross-validation (Candia and Tsang, 2019; 
Waldmann et al., 2013). Despite the employment of the elastic net re
gression, the simple regression and multiple regression based on the 
OLS method were also conducted for comparison. 

The size of the moving window needs to be carefully considered 
since most adjacent geographic variables (e.g., LSTs in our case) are 
spatially autocorrelated, which violates the basic regression assumption 
that observations are independent of one another. To address the spatial 
autocorrelation of LSTs, we followed the framework given by Song et al. 
(2014) to find the most suitable size from 240 m × 240 m to 
2400 m × 2400 m. A size of 1440 m × 1440 m was finally chosen as 
our optimized window size over which the impact of spatial auto
correlation on the model coefficients was minimized (see Table S2 in 
supplementary data). 

2.5. Thermal contribution of land cover configuration 

When characterizing the effect of landscape configuration, urban 
trees and grassland were equally treated as “vegetation” because they 
are generally planted together, and a separate calculation would be 
redundant and ambiguous. Moreover, we only considered the spatial 
features of vegetation and buildings due to their relatively high cov
erage. Due to a stronger correlation with LST compared to other spatial 
metrics such as patch size and shape complexity (Estoque et al., 2017), 
aggregation index (AI, Table 2) and mean of the Euclidean nearest- 
neighbor distance (ENN, Table 2) were chosen as the surrogate for 
landscape configuration. AI is an adjacency matrix and a single-count- 
based calculation. It is suitable for describing vegetation aggregation 
since the canopies of aggregated trees are very close to each other, 
making them readily grouped into one single compact patch. In such a 
case, AI approaches its maximum (Fig. S1a, b). However, only con
sidering adjacency while ignoring the distance between patches re
sulted in a “pseudo” building aggregation indicated by a higher AI (Fig. 
S1c, d). ENN, which is distance-based, was therefore employed to better 
reflect building aggregation (Fig. S1c, d). 

To minimize the effect of landscape composition, we investigated 
the effect of spatial aggregation for different FVC levels from 10% to 
50% (Table 3). All the windows with more than 50% vegetation cov
erage were grouped to one level due to a smaller sample size. At each 
FVC level, the effect of composition was assumed to be the same and 
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expressed by the established elastic net model 

= +
=

y x̄m
j

k

mj j0
1 (11) 

where x̄mj is the mean fraction of the jth land cover type in all windows 
on the mth FVC level, and ym is the theoretical average LST* on the mth 
FVC level. For each FVC level, the difference between the LST* and the 
theoretical average LST* could be defined as the aggregation effect (AE) 

= =
=

AE y y y x̄mi m mi
j

k

mj j0
1 (12) 

where ymi is the LST* of the ith window on the mth FVC level. A positive 
value of AE represents aggregation warming, while a negative value of 
AE represents aggregation cooling. 

To minimize the uncertainty of the thermal contribution of config
uration induced by other factors such as the difference in tree species 
and anthropogenic heats, we inspected the relationships between LST*/ 
AE and spatial metrics at each FVC level by the binned average analysis 
(Huang et al., 2015). The values of LST*/AE were binned according to 
their corresponding AI (0.1) and ENN (0.3) bins. 

3. Results 

3.1. Characteristics of LST by land cover types 

LST is directly related to the land cover types. Fig. 2a depicts the 
pattern of LSTs for the Beijing metropolitan region in the summer of 
2017. UHI areas of different intensities were distributed from down
town to suburbs and highly correlated with the fraction of buildings and 
urban trees (Fig. 2b). The UHI effect in southern Beijing was more in
tensive than that in northern Beijing. Severe UHI areas generally oc
curred in densely populated areas with high impervious covers (in
cluding impervious surfaces and buildings), such as the inner city (Core 
Function Zone) and southeast/southwest Urban Function Extended 
Zone (Fig. 1). Some extreme cases with LSTs around 50 ℃ were spor
adically scattered, such as the ones inside the southeast severe UHI 
areas that were mainly related to extensive human activities, e.g., high- 
frequency railway traffic and industrial production. In general, build
ings and impervious surfaces registered the highest mean LST of 
44.18 ℃ and 43.17 ℃ (Fig. 2c), respectively. The mean LST of bare 
lands was 41.06 ℃. A large area of urban trees and grasslands located in 

northern urban areas (Fig. 1c) generated substantial cool islands 
(Fig. 2a) and had a relatively lower mean LST of 40.44 ℃ and 37.62 ℃, 
respectively. Water bodies registered the lowest average LST of 
36.06 ℃. 

3.2. Local cooling/warming effects of land cover types 

The local cooling/warming effects of land cover types are regarded 
as the negative/positive response of LST* to a coverage increase of a 
particular land cover type while holding other types constant. It can 
readily be derived from the regression coefficients (Table 4). According 
to the results of the elastic net regression, all the land cover types sig
nificantly (at the 0.05 level) contribute to the local thermal environ
ment except for bare lands. For every 10% coverage increase, water 
bodies, grasslands, and urban trees show different cooling effects that 
reduce the LST* by 0.72 ℃, 0.60 ℃ and 0.57 ℃, respectively. In con
trast, buildings appear to have a strong warming effect and raise the 
LST* by 1.26 ℃, while impervious surfaces elevate the LST* by 0.23 ℃. 

Compared to the elastic net regression, the multiple regression 
shows the same fitting accuracy (R2 = 0.81, Table 4) and a slightly 
lower root mean squared error (RMSE) (0.922 ℃, Table 4). However, 
the coefficients severely inflate due to collinearity, and all coefficients 
are not statistically significant. For any of the land cover types, the 
absolute values of the coefficients obtained by the simple regression are 
greater than those obtained by the elastic net regression. Since only a 
single land cover type is considered, the simple regression results in 
worse model fitting and larger RMSE ranging from 1.17 ℃ to 2.11 ℃ 
(Table 4). In addition, by comparing the standard deviations of coeffi
cients in Table 4, the elastic net regression provides more stable results 
than the simple regression. A similar comparison of standardized 
coefficients between the simple regression, multiple regression, and 
elastic net regression can be found in Table S3. 

3.3. Does landscape configuration always have an effect? 

To quantify the thermal contribution of landscape configuration, we 
detached the effect of configuration from the effect of composition at 
each FVC level. The net effect of vegetation aggregation represents 
different patterns at different FVC levels (Fig. 3). When FVC is below 
40% (L1–3 in Fig. 3a–c), LST* significantly decreases as the aggregation 
of vegetation increases. Furthermore, an increasing slope of trend lines 
implies the aggregation cooling (shaded area with negative AE) 

Table 2 
Spatial metrics employed in this study and how they characterize spatial aggregation.    

Spatial metrics Descriptions & Behaviors  

Aggregation index (AI) Equals the number of like adjacencies divided by the theoretical maximum possible number of like adjacencies for that class 
and multiplied by 100 
Ranges from 0 to 100. Equals 0 for maximally isolated, i.e., when no like adjacencies were found. Equals 100 for maximally 
aggregated, i.e., all the patches of the same class are adjacent to each other and clumped into one single compact patch 

Mean of Euclidean nearest-neighbor distance 
(ENN) 

Measures the edge-to-edge distance to the nearest neighboring patch of the same class 
Approaches 0 as the distance to the nearest neighbor decreases, i.e., patches of the same class are more aggregated. Increases 
without limit, as the distance between neighboring patches of the same class increases, i.e., patches are more isolated 

Table 3 
Average land cover fractions (%) at each fractional vegetation cover (FVC) level.           

FVC level n FVC (urban tree + grassland, %) Average land cover fractions (%) 

Water body Urban tree Grassland Bare land Impervious surface Building  

L1 61 [10, 20)  0.65  16.53  0.13  0.85  55.28  26.56 
L2 115 [20, 30)  1.03  24.40  0.66  0.55  51.95  21.40 
L3 38 [30, 40)  3.35  31.99  2.53  0.46  45.08  16.58 
L4 26 [40, 50)  2.96  37.13  7.37  0.13  40.41  11.99 
L5 15  > =50  5.73  49.56  11.94  0.68  26.56  5.53 
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strengthens from low to high FVC. The maximum aggregation cooling 
could be observed ranging from approximately -1.0 ℃ (Fig. 3c) to 
-1.2 ℃ (Fig. 3a). However, when FVC is above 40% (L4–5 in Fig. 3d–e), 
most of the observations are scattered around the theoretical LST* line 
and a significant slope between LST*/AE and AI cannot be found. This 
implies that the aggregation cooling of vegetation becomes minor in the 
cases of high vegetation coverage. 

The net effect of building aggregation is also dependent on com
position. The distributions of building coverage at each FVC level are 
represented in Fig. S2. In the cases of mean building coverage of more 
than 15% (L1–3 in Fig. 4a–c), LST* significantly increases as buildings 
become aggregated. The warming effect of building aggregation 
(shaded area with positive AE) occurs when the ENN of buildings is less 
than 7.8 m, 10.2 m, and 11.3 m for the mean building coverage of 
above 25% (Fig. 4a), between 20% and 25% (Fig. 4b), and between 
15% and 20%, respectively (Fig. 4c). The aggregation warming also 
strengthens as building coverage increases, indicated by an increasing 
slope of trend lines. The maximum warming is from 1.0 ℃ (Fig. 4c) to 
1.3 ℃ (Fig. 4a). In low building coverage cases (L4–5 in Fig. 4d–e), the 
relationship between LST*/AE and ENN is not statistically significant, 
meaning that building aggregation has a limited effect when building 
coverage is low. 

4. Discussion 

4.1. Performance of the elastic net regression 

In this study, the local cooling/warming effects of six urban land 
cover types were distinguished by modeling the relationship between 
LST* and landscape composition using elastic net regression, i.e., the 
changes in LST* response to a 1% coverage increase of a particular type 
(Table 4). Such effects are differentiated from pixel-based LST (Fig. 2c) 
by clarifying the direction of heat transfer and detaching the magnitude 
of thermal contributions from different land cover types. A number of 
studies have modeled the relationship between a single land cover (e.g., 
urban trees, buildings) and local LST based on the simple regression 
(Chen and Yu, 2017; Connors et al., 2013; Li et al., 2017; Simanjuntak 
et al., 2019). This approach is appropriate for simple land cover sce
narios because local LST could be regulated by the most dominant land 
cover. Nonetheless, it might not be suitable for complex cases such as a 
metropolis where the local thermal environment is affected by several 
kinds of land cover types simultaneously. 

This inadequacy could be illustrated by contrasting the model 
coefficients and fitting accuracy of the simple regression, multiple re
gression, and elastic net regression (Table 4). The simple regression for 

Fig. 2. Thermal environments in the Beijing metropolitan region. (a) LSTs in ℃ across the Beijing metropolitan region in the summer of 2017 derived from a Landsat 
8 thermal image with a spatial resolution of 30 m. (b) Scatters for the local LST (LST*) vs. building/urban tree fraction. (c) Distribution of LSTs for different land 
cover types. 

Table 4 
Comparison of model coefficients and fitting accuracy between the simple regression, multiple regression, and elastic net regression.        

Land cover type Simple regression Multiple regression 
(R2 = 0.81, RMSE = 0.922 ℃) 

Elastic net regression 
(R2 = 0.81, RMSE = 0.923 ℃) 

Coefficient  ±  S.D. R2 RMSE (℃) Coefficient  ±  S.D. Coefficient  ±  S.D.  

Water body −0.205  ±  0.0242*** 0.22 1.861 17139.73  ±  34782 −0.0723  ±  0.00165** 

Urban tree −0.158  ±  0.00876*** 0.56 1.392 17139.75  ±  34782 −0.0566  ±  0.000264*** 

Grassland −0.217  ±  0.0228*** 0.26 1.807 17139.75  ±  34782 −0.0603  ±  0.000550* 
Bare land 0.00570  ±  0.0391 0.000084 2.106 17139.83  ±  34782 0.0141  ±  0.00181 
Impervious surface 0.144  ±  0.0104*** 0.43 1.587 17139.83  ±  34782 0.0225  ±  0.000279* 
Building 0.244  ±  0.0103*** 0.69 1.173 17139.94  ±  34782 0.126  ±  0.000288*** 

***Significant at the 0.001 level. 
**Significant at the 0.01 level. 
*Significant at the 0.05 level.  
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a single land cover type only partially explains the variance of LST*, 
although the urban tree (R2 = 0.56) or building (R2 = 0.67) fraction 
explains more than half. Compared to the elastic net regression, the 
cooling/warming effects are overestimated by the simple regression, for 
example, approximately 0.16 ℃ for grassland cooling or 0.12 ℃ for 
building warming. The multiple regression achieves a model fitting as 
good the elastic net regression and even smaller estimation errors. 
Nevertheless, the thermal contributions cannot be interpreted due to 

the inflated coefficients. In contrast, the elastic net regression addresses 
the structural collinearity intrinsic to multiple land covers and re
presents explicit cooling/warming effects without a loss of precision. 

4.2. Factors affecting the thermal contribution 

LULC changes could be the principal cause of LST variation. Most 
farmlands were converted to impervious surfaces from 1999 to 2010 in 

Fig. 3. Relationship between local LST (LST*)/aggregation effect (AE) and the aggregation index (AI) of vegetation at different fractional vegetation cover (FVC) 
levels. The solid red line is the linear fitting line. The dashed black line represents the theoretical average LST* at each FVC level. The shaded area in blue represents 
the aggregation cooling of vegetation. The relationship between LST*/AE and the AI of vegetation is not significant at the 0.05 level in the figures without a linear 
fitting line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 4. Relationship between local LST (LST*)/aggregation effect (AE) and the Euclidean nearest-neighbor distance (ENN) of buildings at different fractional ve
getation cover (FVC) levels. The solid black line is the linear fitting line. The dashed black line represents the theoretical average LST* at each FVC level. The shaded 
area in pink represents the aggregation warming of buildings. The relationship between LST*/AE and the ENN of buildings is not significant at the 0.05 level in the 
figures without a linear fitting line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Beijing and a definite increase in LST due to such conversion was ob
served (Ding and Shi, 2013). A simulation study over the lower Hi
malayan region likewise indicated that increasing build-up areas and 
decreasing vegetation accompanied by urban expansion would lead to 
more than 50% of surface warming in the next 30 years (Ullah et al., 
2019). The local cooling/warming effects of different land cover types 
identified in this study help to understand these processes. However, 
the processes could be affected by internal and external factors. 

Trees reduce temperatures both through evapotranspiration and 
shading. Therefore, they are sometimes expected to have a higher 
cooling effect than grass. However, the evaporative cooling of trees 
inherently varies greatly between species due to different physiological 
traits (Rahman et al., 2015). This process in daily scale is driven by 
microclimate features including humidity, temperature, wind flow and 
by soil conditions in the long term (Chen et al., 2019; Gunawardena 
et al., 2017). The shading created by the tree canopy contributes to 
incoming solar radiation interception (Fahmy et al., 2010; Kotzen, 
2003) and therefore provides additional cooling. However, such 
shading cooling largely depends on foliage density, tree height, and 
canopy geometry (Kotzen, 2003; Shahidan et al., 2012). Thus, various 
cooling effects of trees could be observed across cities, such as 
Guangzhou (0.30 ℃ for a 10% increase in coverage) (Hu and Jia, 2010), 
Hangzhou (0.41 ℃ for a 10% increase in coverage) (Sheng et al., 2015), 
megacities in Southeast Asia (ranging from 0.59 to 1.18 ℃ for a 10% 
increase in coverage) (Estoque et al., 2017) and that in our study 
(0.57 ℃ for a 10% increase in coverage, Table 4). A comparative study 
in the U.S. indicates the daytime cooling efficiency of trees in Phoenix 
was found to be much higher than that of grass but almost the same as 
that in Las Vegas (Myint et al., 2015). 

Compared with trees, grass produces cooling mainly through eva
potranspiration. According to (Rahman et al., 2011), trees have a more 
intensive evapotranspiration process than an equivalent area of grass. 
However, our results indicate that for a local urban area of 1440 m2, the 
cooling effect of grass is comparable to that of trees (Table 4). This 
finding might be because the grasslands in Beijing, except for some 
grass in playing fields, are generally planted together with trees 
(Fig. 1c), hence leading to a synergistic cooling effect. Experimental 
work from southern Israel (Shashua-Bar et al., 2009) demonstrates that 
grass can provide greater cooling when shaded. However, due to the 
shallow roots, the cooling effect of grass is more easily affected by ir
rigation conditions than trees (Armson et al., 2012; Shashua-Bar et al., 
2009). A modeling study from Manchester (Gill et al., 2013) also in
dicates that the evaporative cooling effect of grass would be reduced by 
more than 50% under a severe short-term drought. 

For heat sources, buildings have a much stronger warming effect 
than impervious surfaces (Table 4). This result contradicts the findings 
of Zheng et al. (2014), according to which the composition and spatial 
pattern of buildings have a limited impact on LST while that of paved 
surfaces alter LST more intensely. This discrepancy might be because 
many roads in Beijing are partly shaded by the trees/buildings along
side roads (Xiao et al., 2008). Moreover, many rooftops in Beijing are 
dark-colored and thus retain a large amount of heat compared to the 
light-colored ones in Zheng’s case. More importantly, the warming ef
fect of buildings changes with building size, height and geometry as 
well as the distance between the building and other features. 

Other factors including modeling approaches and land cover maps 
with different spatial resolutions also result in different thermal con
tribution assessments since such assessments are derived from land
scape patterns, which are scale-dependent (Li, Zhou, & et al., 2013; Wu, 
2004). 

4.3. Interaction between composition and configuration 

Urban thermal environments are mostly affected by landscape 
composition and configuration, both of which change as LULC changes 
associated with urbanization processes. A previous fine-scale study 

observed an increase in greenspace coverage as well as mean patch size 
in the Core Function Zone of Beijing (Fig. 1b) from 2005 to 2009 (Qian 
et al., 2015). It could be expected that this landscape transformation 
played a part in alleviating thermal stress in the inner city (Peng et al., 
2016). The effect of configuration would be particularly important for 
highly urbanized metropolises due to the very limited amounts of land 
available for greening. Since a larger patch tends to be highly ag
gregated (Zheng et al., 2014), the effect of composition is easily con
fused with that of configuration. Therefore, we grouped observations by 
the FVC level (Table 3) to manifest the unmixed cooling/warming effect 
of vegetation/building aggregation. 

The aggregation effect has been mentioned in previous studies 
(Estoque et al., 2017). However, we found that spatial aggregation in
teracts with the composition to affect local LST (Fig. 3, Fig. 4). Such 
interactions are represented as (1) different maximum cooling/ 
warming observed for different FVC levels, ranging from -1.0 to -1.2 ℃ 
for vegetation cooling and 1.0 to 1.3 ℃ for building warming; (2) dif
ferent aggregation thresholds for achieving aggregation cooling/ 
warming at different FVC levels; and (3) different composition re
quirements for aggregation cooling/warming (less than 40% vegetation 
coverage for aggregation cooling and more than 15% building coverage 
for aggregation warming). 

Given the complexity of energy exchange in the urban system, 
whether an aggregated or dispersed arrangement achieves lower LST 
remains uncertain across various urban morphologies, e.g., opposite 
arguments were made by Zhang et al. (2009) and Zhou et al. (2011). 
One possible reason for the aggregation cooling might be that an ag
gregated arrangement locally increases leaf area index, thus resulting in 
a more concentrated evapotranspiration (Murakami et al., 2000; Toda 
et al., 2010). This enhancement substantially reduces the LST of tree 
canopies and helps to form cooling islands. However, such an effect is 
not significant as the tree coverage exceeds a certain threshold (40% in 
our case, Fig. 3d–e). Moreover, the spatial arrangement also affects 
local LST through different energy exchanges between land cover fea
tures (Forman, 2014). Vegetation canopies modify surface roughness 
and background wind flow to generate mechanical turbulence, thereby 
altering heat convection (Gunawardena et al., 2017). In the Beijing 
metropolitan region, tree species are very abundant, including 45 arbor 
species and 33 shrub species found in sample plots (Yang et al., 2005). 
Tree clusters with heterogeneous canopies might facilitate the energy 
flow between vegetation and its surrounding features, resulting in an 
aggregation cooling (Ren et al., 2015). Nevertheless, more field or si
mulation-based measurements are needed to further support such a 
claim. 

Significant building aggregation warming is identified (Fig. 4). 
Building clusters warm surrounding areas by increasing shortwave ra
diation and decreasing longwave emission due to the fact that high 
buildings change the urban canyon geometry (Bottyán and Unger, 
2003). This blockage effect is exacerbated by building aggregation. In 
our case, the aggregation threshold on average is approximately 10 m 
(Fig. 4a–c), below which aggregation warming occurs. However, such 
aggregation warming along with the blockage effect seems to require a 
particular building coverage (> 15%, Fig. 4). 

Buildings may also have a cooling effect (Myint et al., 2013). High 
building clusters project even more substantial shading than tree ca
nopies, thereby providing cooling to objects nearby. Thus, whether 
buildings cool or warm surroundings depends to a certain extent on the 
net effect of shading cooling and blockage warming. 

4.4. Management implications 

This study assesses the thermal contributions of six land cover types 
in the Beijing metropolitan region. Despite very limited coverage 
(Fig. 1c), water bodies were found to be the most effective type at re
ducing local LST. Thus, increasing the area of water bodies, e.g., lakes, 
rivers, or other open water can substantially alleviate UHIs and should 
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be highly encouraged. Both trees and grass can effectively cool sur
roundings, and the cooling effects of the two were found to be parallel. 
Thus, urban designers could replace grass with trees in locations where 
the irrigation conditions are inappropriate or where footfall occurs 
frequently. 

In landscape planning, the requirements for spatial pattern varies 
based on different design needs. From the perspective of thermal en
vironment modification, the spatial pattern of vegetation/buildings 
might be more flexible when vegetation/building coverage is more/less 
than 40%/15%. In contrast, aggregated arrangements of vegetation 
might be desired for additional aggregation cooling when vegetation 
coverage is below 40%. When building coverage is above 15%, planners 
should be cautious about the distance between buildings and avoid 
distances of less than 10 m when possible. All of these implications 
might provide insights into urban expansion or new town planning. 

4.5. Limitations and future works 

The study has several limitations in terms of data, method applic
ability, and other aspects. Using only one LST image acquired on hot 
summer days to manifest the thermal contributions of various land 
cover types might be insufficient because their thermal processes ex
hibit diurnal variations that change with weather conditions. For in
stance, a more substantial cooling effect of trees was observed in U.S. 
cities during heat waves (Wang et al., 2019). Furthermore, our assess
ments highlight the combined effect of composition and configuration. 
More detailed works that take tree species, building height/structure, 
and anthropogenic heats (Buyantuyev and Wu, 2010; Tran et al., 2006) 
into consideration are desirable in the future. In addition, the findings 
in this study were empirically estimated and need to be further ex
plained by mechanical models. 

5. Conclusions 

The imbalance of the urban thermal environment is a severe con
sequence of urbanization. Perceiving the relationship between land 
cover and the urban thermal environment is therefore crucial for UHI 
mitigation. In our work, we used elastic net regularized regression to 
assess the thermal contributions of six urban land cover types from the 
perspectives of landscape composition and configuration. We found the 
followings: (1) Different land cover types have varying impacts on LST 
and only considering a single land cover in complex landscapes such as 
metropolises might result in biased thermal contribution assessments. 
(2) Compared to OLS-based regressions, elastic net regression could be 
more appropriate for modeling the LST-composition relation by ac
counting for the perfect collinearity among multiple land covers. (3) In 
the Beijing metropolitan region, buildings contribute the most to the 
UHI effect. The warming effect of the building is much higher than that 
of the impervious surface. It elevates the mean LST of a 
1440 m × 1440 m local area by approximately 1.26 ℃ for a 10% in
crease in coverage. (4) For an equivalent coverage increase, water 
bodies, grasslands and urban trees could reduce the local LST by ap
proximately 0.72 ℃, 0.60 ℃ and 0.57 ℃, respectively. (5) Landscape 
configuration interacts with the composition to affect local LST. In our 
case, the aggregation cooling of vegetation only takes effect when the 
local vegetation coverage is less than 40%, ranging from -1.0 to -1.2 ℃. 
Building aggregation plays a role in local warming of 1.0 to 1.3 ℃ only 
when the building coverage is more than 15%. 

Overall, increasing the area of water bodies, trees, and grass in 
Beijing can substantially alleviate UHIs. The urban thermal environ
ment also benefits from optimizing spatial configuration, but we 
highlight that such benefits might be based on landscape composition. 
Clustering green patches for low green cover areas gains additional 
aggregation cooling while dispersing building clusters for high building 
cover areas could alleviate aggregation warming. These findings assist 
urban planners in developing UHI mitigation strategies and landscape 

planning. 
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