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a b s t r a c t
Guiding urban planners on the cooling returns of different conﬁgurations of urban vegetation is important to protect urban dwellers from adverse heat impacts. To this end, we estimated statistical models that fused multitemporal very ﬁne spatial (20 cm) and vertical (1 mm) resolution imagery, that captures the complexity of
urban vegetation, with remotely sensed temperature data to assess how urban vegetation conﬁguration inﬂuences urban temperatures. Perth, Western Australia, was used as a case-study for this analysis. Panel regression
models showed that within a location an increase in tree and shrub cover has a larger cooling effect than grass
coverage. On average, holding all else equal, an approximate 1 km2 increase in shrub (tree) cover within a location reduces surface temperatures by 12 °C (5 °C). We included a range of robustness checks for the observed relationships between urban vegetation type and temperature. Geographically weighted regression models
showed spatial variation in the cooling effect of different vegetation types; this indicates that i) unobserved factors moderate temperature-vegetation relationships across urban landscapes, and ii) that urban vegetation type
and temperature relationships are complex. Machine learning models (Random Forests) were used to further explore complex and non-linear relationships between different urban vegetation conﬁgurations and temperature.
The Random Forests showed that vegetation type explained 31.84% of the out-of-bag variance in summer surface
temperatures, that increased cover of large vegetation within a location increases cooling, and that different conﬁgurations of urban vegetation structure can lead to cooling gains. The models in this study were trained with
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vegetation data capturing local detail, multiple time-periods, and entire city coverage. Thus, these models
illustrate the potential to develop locally-detailed and spatially explicit tools to guide planning of vegetation conﬁguration to optimise cooling at local- and city-scales.
© 2018 Published by Elsevier B.V.

1. Introduction
Over the coming decades urban populations will be exposed to increasing temperatures from global and regional climate change and
localised warming associated with urban development and urban heat
island effects (Clinton and Gong, 2013; Field et al., 2014). This warming
will likely have adverse impacts on urban populations. Recent analyses
have shown that increased exposure to warm temperatures results in
negative impacts across an array of socio-economic indicators of
wellbeing including income, crime, sleep, health, and labour productivity (Carleton and Hsiang, 2016; Obradovich et al., 2017; Peng et al.,
2011; Weber et al., 2015). The exposure of urban locations and the sensitivity of their dwellers to the negative impacts of increasing temperatures means that a large portion of the global population are vulnerable
to heat related hazards. As urban areas grow and redevelop, urban planning needs to be adaptive in implementing policies that protect city
dwellers from heat exposure (Norton et al., 2015).
In response to growing heat vulnerability in our cities, researchers
have sought to identify the causes of warming in urban areas (Mirzaei,
2015). A consensus has emerged that increasing urban green spaces results in a cooling effect, whilst impervious land-covers comprising a
large portion of ‘built-up’ areas leads to warming with larger cities having a greater surface urban heat island effect (SUHI: the difference in
land surface temperature (LST) between urban and proximal rural
areas) (Bounoua et al., 2015; Li et al., 2018; Li et al., 2017; Zhou et al.,
2017). Similarly, impervious surfaces have been shown to exhibit
higher surface temperatures than green spaces and the spatial arrangement of impervious surfaces with green spaces inﬂuences the SUHI
(Chun and Guldmann, 2014; Estoque et al., 2017). Across Jakarta,
Manila, and Bangkok for example, Estoque et al. (2017) showed that increasing spatial densities of impervious surfaces (green space) have a
warming (cooling) effect.
The correlation between urban green space and cooler urban temperatures has been established. However, just identifying this correlation does not provide the speciﬁc information urban planners require
to effectively locate and target increases in urban green space and vegetation to protect urban dwellers from heat (Greene and Kedron, 2018).
This correlation is often observed using generalised deﬁnitions of green
space (e.g. Estoque et al. (2017) use the category of green space itself in
their analysis) or using remotely sensed normalised difference vegetation index (NDVI) values (Chun and Guldmann, 2014; Guo et al.,
2015; Rotem-Mindali et al., 2015); both of which obscure the diversity
and complexity of vegetation conﬁguration within urban areas (e.g. as
suggested by Myint et al. (2013)). Zhou et al. (2014) show that increasing the thematic resolution of urban vegetation and land cover, compared to NDVI, increases the explanatory power of urban vegetationtemperature models. Other studies compare urban temperatures with
proximal, vegetated rural areas (Zhou et al., 2016); however, this identiﬁes a relationship between vegetation and cooling in rural areas which
may not be exemplar of vegetation types and land covers found within
urban environments (Li et al., 2018).
Furthermore, research that has found associations between temperature and measures of urban vegetation often does so using regression
models ﬁtted with cross-sectional data (e.g. Estoque et al. (2017),
Chun and Guldmann (2014), and Myint et al. (2013)). In a crosssectional regression model the effect of urban green space on temperature is identiﬁed through comparisons of green space and temperature
across locations. However, there is potential for unobserved factors that
inﬂuence temperature and are correlated with green space to bias

estimates of the effect of urban vegetation on surface temperature. In
observational settings, one strategy to mitigate this bias is to use panel
datasets (repeat observations of the same units across time) with
models estimated to control for time-invariant, location-speciﬁc unobserved factors (i.e. location ﬁxed effects) (Angrist and Pischke, 2008).
With a panel dataset, the effect of urban vegetation on temperature
can be identiﬁed by comparing the same location across time rather
than comparing different locations across space (Deilami et al., 2016).
This may return less biased estimates of the effect of vegetation on
urban temperatures and allow for more accurate assessment of the potential adaptive gains of incorporating vegetation into urban areas. Similarly, SUHI studies that detect urban warming through comparison
with proximal rural areas are sub-optimal for guiding urban planning
as the vegetation that drives rural cooling may not represent vegetation
types/conﬁgurations suitable for urban areas (Li et al., 2018).
The above mentioned research gaps indicate that urban planners
lack information that explains how various vegetation conﬁgurations
will generate different local cooling effects. However, such information
is important for planning urban developments that reduce heat exposure. For example, Norton et al. (2015) outline a decision framework
for urban planners to identify heat vulnerable locations within urban
areas for green infrastructure development. However, within this
framework, selection of urban green infrastructure is not explicitly informed by models quantifying how different urban vegetation conﬁgurations lead to different levels of cooling. Indeed, Norton et al. (2015)
conclude by highlighting the need for improving the representation of
urban vegetation in urban climate modelling studies. Incorporating information from such models into decision frameworks could help planners effectively select vegetation for maximal cooling and weigh up the
cooling beneﬁts of different vegetation types (Norton et al., 2015). This
study contributes to addressing this gap by utilising several models to
explore the relationship between different urban vegetation types and
LSTs. We undertake this analysis using very high spatial (20 cm) and
vertical (1 mm) resolution aerial imagery and resultant digital surface
models (DSM). Compared to broad categories such as ‘green space’ or
derived variables such as NDVI, categories of urban vegetation type,
which can be generated using this data, are more reﬂective of the actual
green mosaic which urban planners can relate to and directly manipulate. This dataset allows for i) identifying how the spatial coverage of
vegetation within an urban location inﬂuences local temperatures, and
ii) discrimination of the cooling effect of vegetation of different heights
(e.g. grass versus shrubs versus trees) and conﬁgurations. Our analysis
uses the Perth and Peel Metropolitan Region, Western Australia, as a
case study which is exemplar of temperature-vulnerable cities with
Mediterranean climates.
In the subsequent analysis we ﬁrst ascertain that this ﬁne resolution
dataset is suitable for analysing urban vegetation effects on LSTs using
panel regression models and performing several robustness checks
including comparisons with other commonly used measures of vegetation (e.g. NDVI). The comparison of the vegetation-temperature relationship between different vegetation datasets provides conﬁdence
that any vegetation-on-temperature signal is not an artefact of the
data. Next, our analysis builds on the existing body of literature by examining the relationship between urban vegetation type (tree, shrub,
and grass) and surface temperatures using high resolution remotely
sensed data. To do this we undertake two further analyses. In the ﬁrst
instance we explore spatial non-stationarity in the relationship between urban vegetation and temperature using geographically
weighted panel regression (GWPR) models. Second, we explore
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potential non-linear relationships between urban vegetation type and
temperature, and interaction effects between urban vegetation types
using machine learning. Efforts to more accurately represent the relationship between urban vegetation types and temperature are important for planners to be able to appraise the temperature moderating
effect of integrating different vegetation types within urban landscapes.
2. Methods
2.1. Study area
The Perth and Peel Metropolitan Region (Perth from now on; Fig. 1)
stretches approximately 150 km from north to the south and is currently home to more than two million people with the population expected to grow to 3.5 million by 2050 (Department of Planning (WA),
2018). Perth has a hot-summer Mediterranean climate (Köppen-Geiger
classiﬁcation Csa) and receives moderate though highly seasonal, winter based rainfall. Summers are generally hot and dry, lasting from December to March, with winter being cool and wet (Fig. 2). The hot
Perth summer can cause extreme heat events which pose risks to the
health of exposed populations and to public infrastructure and services
(Cleugh et al., 2006). Research has indicated more frequent, longer, and
hotter heat waves for Australian cities including Perth in the twentyﬁrst century (Cowan et al., 2014). Within the urban extent of Perth
there are large variations in vegetation type and coverage, ranging
from urban bushland parks to green-leafy suburbs, and sparselyvegetated industrial areas.

Fig. 2. Average monthly precipitation (bars – CHIRPS data) and daytime LST (solid line MODIS) and night time LST (dashed line - MODIS) from 2003 to 2016.

2.2. Data and pre-processing
To measure temperature over Perth, we used the LST product
(MYD11A2) generated from the Moderate Resolution Imaging
Spectroradiometer (MODIS) sensor on board the Aqua satellite (Wan
et al., 2002). The MODIS sensor on the Aqua satellite has been operational since 2002 with a temporal coverage spanning the period from
July 2002 to the time of writing. The MYD11A2 product provides 8day composites of daytime (1:30 pm) and night time (1:30 am) clearsky LST values at a 1 km spatial resolution. The 8-day LST product was
used to reduce the issue of missing values (due to non-clear sky

Fig. 1. The study area: Perth and Peel Metropolitan Region, Western Australia.
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conditions) in the daily MODIS LST acquisition (MYD11A1). MODIS LST
data has an accuracy of ±1 K compared to in situ measurements for
most validation sites and the V6 product used here shows improved accuracy over bare ground land covers (Duan et al., 2018; Wan, 2008,
2014). The LST product derived from the sensor on board the Aqua satellite was used in place of the LST product derived from the MODIS sensor on board the Terra satellite as the daytime overpass of the Aqua
satellite at 1:30 pm more closely corresponds to the time of maximum
daytime temperatures which have been demonstrated to have negative
impacts on facets of human wellbeing. Using Google Earth Engine we
accessed the entire MYD11A2 archive over Perth and created average
monthly daytime LST products from 2003 to 2016; for each year we
retained only the summer (December to February) and winter (June
to August) months. MODIS LST data has been used by a number of studies to monitor urban temperatures (Clinton and Gong, 2013; Li et al.,
2017; MacLachlan et al., 2017).
We created two datasets of urban vegetation which were aggregated
to the spatial resolution of MODIS LST pixels (1 km). Our primary urban
vegetation dataset was the Urban Monitor™ data (4-band, high resolution, aerial imagery and derived vegetation products unique to Perth)
which was collected and provided by the Commonwealth Scientiﬁc
and Industrial Research Organisation (CSIRO) (Caccetta et al., 2012).
The Urban Monitor dataset provides a measure of vegetation height at
a 1 mm vertical resolution and a 20 cm spatial resolution and was collected in March 2007, 2009, and 2016 from digital aerial photography.
Full details on the data collection and processing of the Urban Monitor
data can be found in Caccetta et al. (2012). We reclassiﬁed the continuous Urban Monitor vegetation height data into three vegetation types of
grass (b50 cm), shrub (50 cm – 3 m), and tree (N3 m).
Next, we combined the 2007, 2009, and 2016 Urban Monitor vegetation height data with MODIS LST observations for corresponding
years by aggregating the areal coverage of each vegetation type
within each MODIS pixel. We generated a second urban vegetation
dataset by computing NDVI values from surface reﬂectance data
from the Landsat 5, Landsat 7, and Landsat 8 satellites using Google
Earth Engine. For each 30 m Landsat pixel per month-year combination we retained the maximum NDVI value and then spatially averaged these values within each MODIS LST pixel. Landsat NDVI has
been used by prior studies to assess urban vegetation effects on temperature and is a commonly accepted measure of greenness and vegetation abundance at a location (Estoque et al., 2017; Pettorelli et al.,
2005). We used the Landsat NDVI data as a secondary dataset to validate the use of the Urban Monitor data for studying vegetationtemperature relationships.
To further focus the analysis on urban vegetation within Perth, we
excluded agricultural lands surrounding the metropolitan region. To
do this we removed any MODIS pixel from our analysis whose centroid
overlapped with a Mesh Block whose land use category was agricultural
(ABS, 2016). The Mesh Block is the smallest statistical region comprising
the Australian Statistical Geography Standard (typically containing 30
to 60 dwellings1) and provides information on total population, number
of dwellings, and land use (water, parkland, residential, industrial, commercial, education, hospital/medical, agricultural, transport, and other). Finally, we generated monthly precipitation measures using the Climate
Hazards Group InfraRed Precipitation with Station data (CHIRPS)
dataset (0.05° spatial resolution; Funk et al. (2015)) which were disaggregated to the MODIS LST pixel spatial resolution using Google Earth
Engine. Precipitation data for the study area was included as an independent variable in regression models as precipitation is often correlated with vegetation levels and LST, and is a potential confounding
factor. An overview of our data processing workﬂow is presented in
Fig. 3.

1

http://www.abs.gov.au/websitedbs/censushome.nsf/home/meshblockcounts.
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2.3. Analysis
First, we sought to identify if the relationship between urban vegetation type and urban LST is captured by the Urban Monitor data, and to
ascertain if the observed relationship was robust to a range of checks.
This step justiﬁes the use of the Urban Monitor dataset for further
study into how urban vegetation type and conﬁguration inﬂuences
urban temperatures. We estimated regression models using pooled ordinary least squares (OLS) (Eq. (1)) and with location ﬁxed effects
(Eq. (2)) using the area of grass, shrubs, and trees measured using the
Urban Monitor data within each MODIS LST pixel as independent variables.
yimt ¼ α þ β1 Grassimt þ β2 Shrubimt þ β3 Treeimt þ β4 PRECIP imt þ μ y
þ εimt
ð1Þ
yimt ¼ β1 Grassimt þ β2 Shrubimt þ β3 Treeimt þ β4 PRECIP imt þ μ y þ ci
þ εimt
ð2Þ
where yimt is the LST in location i and month m and year t; β1, β2, and β3
are the effect of a change of 1 km2 of grass (vegetation b50 cm), shrubs
(vegetation between 50 cm and 3 m) and trees (vegetation N3 m) on
LST holding all else constant; β4 is the effect of precipitation on LST,
and μy and ci are year and location ﬁxed effects respectively.
Including location ﬁxed effects controls for time-invariant, location
speciﬁc factors that might confound the relationship between vegetation and LST such as distance from the coast or elevation. Including
year ﬁxed effects is important to capture background climatic variation
which has been shown to inﬂuence urban heat island effects (e.g. Zhou
et al. (2016)), and avoid conﬂating this effect with that of urban
vegetation's inﬂuence on LST. Estimating the regression models separately for summer and winter periods allowed us to capture intraannual variation in how urban vegetation inﬂuences urban LST.
To check that any observed vegetation effect on urban LST was not
an artefact of the Urban Monitor dataset or the time period for which
the Urban Monitor data was available, we performed several robustness
checks. Speciﬁcally, we considered the use of a different vegetation
dataset that has been widely used for urban vegetation – temperature
studies (Landsat NDVI), considering a wider time-period over which observations were recorded (2003 to 2016), accounting for spatial correlation in the dependent variable and residuals, and restricting the analysis
to locations where there is plausible evidence that only urban vegetation changed across time (this is important as other studies have
shown that impervious/built-up surfaces also have a warming effect
(Bounoua et al., 2015; Li et al., 2017; Myint et al., 2013) and we wish
to avoid attributing a cooling effect to vegetation when in fact it represents a warming effect of impervious/built-up surfaces). These robustness checks are presented and discussed in the Supplementary Material.
The relationship between urban vegetation type and urban temperatures has been shown to vary across space at different scales (Deilami
et al., 2016; Guo et al., 2015; Li et al., 2017; Szymanowski and Kryza,
2012). Assessing spatial variation in the effect of different types of
urban vegetation on LST is important to i) identify how useful coefﬁcient estimates (e.g. Eqs. (1) to (2)) of the average effect of urban vegetation type on LST are for planners attempting to mitigate urban heat, ii)
indicate if other factors are moderating the relationship between vegetation type and urban temperature across space, and iii) to provide further insights into how urban vegetation type inﬂuences urban
temperatures leading to more focused future research questions and
hypotheses.
To explore spatial variation in the relationship between urban vegetation and LST we estimated geographically weighted panel regression
(GWPR) models for daytime LST observations over the summer months.
We estimated the GWPR models by estimating locally weighted panel
regression models at each location in our dataset; at each location the
area of grass, shrub, trees, and monthly precipitation totals were
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Fig. 3. Data processing workﬂow. Final datasets used in subsequent analysis are shaded grey.

predictor variables with monthly daytime LST as the dependent variable. Neighbouring locations were weighted using a bisquare kernel
with an adaptive bandwidth of 32 pixel centroids. Following Cai et al.
(2014), we used a time-invariant bandwidth which was selected via
minimising Akaike's information criterion (AIC) using a cross-sectional
dataset comprising average summer daytime LST, grass, shrub, tree,
and precipitation for the three years the Urban Monitor data was
available.
Urban vegetation does not typically occur in well-ordered, homogenous patches; in reality, different vegetation types are mixed within
built environments leading to varying densities and complex patterns
of vegetation (Guo et al., 2015). Understanding how this complex arrangement of urban vegetation inﬂuences urban temperature is important for urban planners. Vegetation types are not always substitutable
within urban mosaics which means identifying different conﬁgurations
that lead to similar cooling is important to provide planners with a suite
of adaptive options (Norton et al., 2015). Regression analysis is suited
for identifying the average relationship between different predictors
and a response variable, holding all else equal. However, it is less useful
when there are non-linear and complex relationships between predictors and response variables (James et al., 2013) as likely occurs between
different urban vegetation conﬁgurations and temperature. Therefore,
to explore these complex interactions, and potential non-linear relationships, between urban vegetation and LST we implemented a Random Forests analysis using a dataset which contained summer
daytime LST and vegetation data from the 2007, 2009, and 2016
Urban Monitor datasets.
Random Forests are an ensemble-learning model which aggregate
the predictions of several individual decision trees; they have low bias
and prediction variance compared to predictions from individual decision trees. Random Forests have been successfully used in prior studies
to predict urban temperatures from landscape features (Voelkel and
Shandas, 2017; Yoo, 2018). We grew 1000 regression trees with 10 terminal nodes. We returned the most representative tree from the ensemble of trees generated by the Random Forest using the ‘reprtree’
package in R (R Core Team, 2017) which implements the methodology
outlined in Banerjee et al. (2012). The most representative tree is the
tree that is most similar to all other trees in the ensemble according to
a metric that quantiﬁes the difference between predictions across all
combinations of trees in an ensemble (Banerjee et al., 2012). Generating
the most representative tree is a useful tool for visually interpreting the
relationships between predictor and response variables in a dataset.

3. Results
There was spatial variation in LSTs across Perth in both winter and
summer (Fig. 4). The monthly distribution of average LSTs across the
Perth study area from 2003 to 2016 is shown in Fig. 2. The monthly distribution of daytime and night time LST values are shown in Figs. S1 and
S2. The largest amounts of precipitation were also received during the
winter months between 2003 and 2016 (Fig. 2). This seasonal pattern
is reﬂected in the intra-annual variation in vegetation growth; during
the winter months there is a shift in the distribution of NDVI values towards higher levels (Fig. S3). There is also marked spatial variation in
vegetation types across the Perth region (Fig. 5) which, for our study's
purpose has been deﬁned as grass (Fig. 5a), shrub (Fig. 5b), and trees
(Fig. 5c) following CSIRO classiﬁcations with relatively dense coverage
of trees along the Darling Scarp visible to the east of the study extent
in Fig. 5c.
Urban vegetation has a negative effect on LST (Table 1). At a location,
an increase in the areal coverage of grass, shrubs, or trees reduces LST,
holding all else equal (Table 1). These relationships were consistent
across the pooled OLS models and models estimated with location
ﬁxed effects. The cooling effect of urban vegetation on LST was larger
in the summer months (Table 1). An increase in the area of shrub or
trees is associated with a larger cooling effect than an increase in the
area of grass (Table 1). The sign of the coefﬁcient for vegetation was
consistent across the OLS and panel regression models but the magnitude of the cooling effect of vegetation decreased when location ﬁxed
effects were included. The results of the robustness checks are presented and discussed in the Supplementary Material (Tables S1, S2,
and S3). That the vegetation-temperature signal detected using the
Urban Monitor dataset conforms to expected theory and that this signal
was robust to a range of checks indicates that this dataset is suitable for
further examination of urban vegetation conﬁguration-temperature
relationships.
The coefﬁcient estimates for grass, shrub, and trees estimated using
GWPR models are depicted in Fig. 6 and the distributions of the coefﬁcient estimates are plotted in Fig. S4. The local R2 values for the GWPR
models are also shown in Fig. 6. The GWPR models illustrate that the relationships between different vegetation types and LST vary spatially
across the Perth study area and in some locations positive coefﬁcients
are returned (Fig. 6). The effect of grass, shrub, and trees on urban temperature is not always correlated across space; for example, in locations
where trees have a more limited cooling effect, shrubs exhibit a greater
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Fig. 4. Monthly average daytime LSTs in °C across the Perth region in 2007, 2009, and 2016 for a) summer and b) winter months.

cooling effect and vice versa (see locations in the far North of the study
region; Fig. 6). The spatial variation in the regression coefﬁcients for
grass, shrub, and trees across Perth (Fig. 6b and c) indicates that other
unobserved factors moderate the urban vegetation-LST relationship.
This suggests that i) the same vegetation treatment at different locations will not necessarily deliver the same cooling effect, and ii) further
work should be undertaken to understand the relationship between
vegetation type, its spatial arrangement, other factors in the landscape,

and temperature in order to provide location speciﬁc estimates of the
adaptive gains of urban vegetation initiatives. However, the ﬁne spatial
resolution of the Urban Monitor dataset, its ability to capture various
categories of vegetation type, and detection of the vegetationtemperature signal (Table 1) suggests it is useful for this endeavour.
The Random Forests analysis using the percentage of grass cover,
shrub cover, and tree cover within a 1 km pixel as predictors explained
31.84% of the out-of-bag variance in summer LSTs. The Random Forests

Fig. 5. The average proportion of a MODIS LST pixel covered with grass (a), shrub (b), and trees (c) in 2007, 2009, and 2016 as measured using the Urban Monitor dataset.
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Table 1
Regression results using Urban Monitor vegetation height data. Results estimated using a
panel of monthly daytime LST observations. The coefﬁcient estimates presented here
show the effect on urban monthly average LSTs for a 1 km2 increase in the areal coverage
of grass, shrub, trees, or a one mm increase in monthly precipitation totals.
Dependent variable:
OLS

Panel
Linear

Grass
Shrub
Tree
Precip.
Constant
Fixed effects
Year ﬁxed effects

Summer (OLS)

Winter (OLS)

Summer

Winter

−1.589⁎⁎⁎
(0.274)
−34.105⁎⁎⁎
(0.616)
−10.080⁎⁎⁎

−1.309⁎⁎⁎
(0.138)
−8.733⁎⁎⁎
(0.310)
−6.416⁎⁎⁎

0.509⁎⁎
(0.235)
−12.039⁎⁎⁎
(0.623)
−5.564⁎⁎⁎

−0.235
(0.173)
−3.825⁎⁎⁎
(0.458)
−1.568⁎⁎⁎

(0.168)
0.005⁎

(0.084)
−0.018⁎⁎⁎
(0.0002)
21.891⁎⁎⁎
(0.054)
No
Yes

(0.174)
0.030⁎⁎⁎
(0.002)

(0.128)
−0.011⁎⁎⁎
(0.0002)

Yes
Yes

Yes
Yes

(0.003)
44.270⁎⁎⁎
No
Yes

Note:
⁎ p b 0.1.
⁎⁎ p b 0.05.
⁎⁎⁎ p b 0.01.

indicated that trees and shrubs are important variables for predicting
LSTs; there is an 89% (98%) decrease in accuracy of predicting temperature (increase in mean square error) when tree (shrub) coverage is
excluded from the model. For illustrative purposes, the most representative regression tree of the ensemble of the 1000 regression trees generated is shown in Fig. 7. The coolest summer LST is achieved at
locations with the greatest density of vegetation; the right limb of the
tree is representative of locations with a high percentage of tree coverage (N29.75%) and shrub coverage (N7.75%), which also have the lowest
mean summer daytime LST (36.28 °C). In contrast the left limb depicts
locations with low vegetative cover which have warmer summer temperatures (43.85 °C). Fig. 7 also shows that different urban vegetation
conﬁgurations within a location (here a 1 km pixel) can be used to reduce summer daytime LST.
4. Discussion
The Random Forests result illustrates how the ‘coolest’ terminal
node was reached at locations with both high shrub and tree coverage
(i.e. densely vegetated areas) (Fig. 7). This indicates that increasing vegetation density within an urban location has a cooling effect on daytime
LSTs. This inference is corroborated by regression models estimated
using Landsat NDVI (Table. S1) and other results in the literature (e.g.
Bounoua et al. (2015); Myint et al. (2013)). The Landsat NDVI values
were computed for each month-year combination thus capturing the
change in vegetation condition throughout and across years. NDVI has
been shown to be strongly correlated with vegetation density and biomass (Pettorelli et al., 2005). These results indicate that urban planning
which allows for the development of high vegetation densities in the future will generate enhanced cooling beneﬁts as vegetation matures. This
is important when considering that urban vegetation has the largest
cooling effect on daytime LST during Perth's warm summer months
which are analogues for conditions that are likely to become more frequent under a changing climate (King et al., 2017).
Our research builds on statistical studies of vegetation-LST relationships through explicitly measuring variation in vegetation types (deﬁned as grass, shrub, and tree) within urban areas as opposed to
relying solely on NDVI, green space, or ‘proximal’ rural areas as proxies.
Our results show that shrubs and trees have a larger cooling effect on
LST than grass. These ﬁndings are consistent with the cooling mechanisms of shade and latent heat cooling (Bounoua et al., 2015; Ellison

et al., 2017; Norton et al., 2015) and illustrate the more nuanced understanding of the relationship between urban vegetation and LSTs that can
be captured using vegetation height data that is reﬂective of actual
urban vegetation. The models used in this analysis were trained with
vegetation data capturing local detail, multiple time-periods, and entire
city coverage. The Random Forests model is relatively fast to train with
large datasets, which are required to capture local detail in urban vegetation (a single year of Urban Monitor vegetation height data is approximately 1.5 TB) and as shown here and in other examples in the
literature (e.g. Voelkel and Shandas (2017)) has good performance in
predicting urban temperatures from landscape features. Thus, these
models (e.g. Figs. 6 and 7), illustrate the potential to develop locallydetailed and spatially explicit tools to guide planning of vegetation conﬁguration to optimise cooling at local- and city-scales.
However, our analysis cannot conclusively identify which cooling
mechanisms associated with urban vegetation are at play and their relative importance in different contexts. For example, Bounoua et al.
(2015) suggest different tree species provide different cooling beneﬁts
via the transpiration mechanism. Furthering understanding of urban
vegetative cooling mechanisms is important as it will enable planners
to be more focused in their targeting of vegetation within urban landscapes. To illustrate with a hypothetical example, if enhanced understanding of cooling mechanisms showed that shade, in a given local
context, was required to mitigate extreme temperatures then planners
could focus on ﬁnding optimum locations to plant tall trees. Improved
understanding of cooling mechanisms within complex urban landscapes will enhance simulation and modelling tools. This will allow for
more accurate urban vegetation-climate change scenario development.
The GWPR analysis showed considerable within-city variation in the
cooling effect of vegetation of different heights (Fig. 6). The spatial variation in the relationship between urban vegetation and LST has also
been observed in other cities (Deilami et al., 2016; Szymanowski and
Kryza, 2012). This indicates that other spatially varying factors moderate the cooling effect of urban vegetation reﬂecting the actual complexity of urban land-covers and their interactions with the atmosphere. For
example, previous studies have shown how the sky view factor (proportion of sky visible from a location) inﬂuences SUHI (Chun and
Guldmann, 2014), that commercial buildings with high albedo roofs reduce LST (Myint et al., 2013), that pavements and roofs with higher albedo and lower heat capacity cool urban areas (Wang et al., 2016), and
that the combination of changing built-up land cover and increasing
vegetation has a large cooling effect (Wang et al., 2016). However,
there is a need for developing models to further understanding of how
location speciﬁc interactions between vegetation structure and builtup form moderate vegetation-temperature relationships. For Perth,
and other Australian cities, ﬁne spatial resolution digital surface models
for the urban extent are available (Caccetta et al., 2012). This represents
an opportunity to construct various metrics characterising the built-up
form and to undertake modelling to assess how interactions between
the built-up form and vegetation moderate vegetation-LST interactions.
Machine learning approaches, such as the Random Forests, would be
useful for undertaking this analysis as they capture complex and nonlinear relationships between various predictors and an outcome variable, can handle large numbers of predictor variables, and are relatively
fast to train with large datasets. For example, Voelkel and Shandas
(2017) showed that Random Forests outperformed multiple linear regression and individual CART models in predicting urban temperatures
using various vegetation and built-up land cover metrics.
This work has focused on the relationship between urban vegetation
and LST yet it is often air temperatures that directly affect people and social and economic activity (Carleton and Hsiang, 2016). WhiteNewsome et al. (2013) urge caution in using urban LST to track shortrun variation in urban air temperatures; though they showed that
urban LST and air temperatures are correlated and recent analysis has
shown that the relationship between GDP and LST and GDP and air temperature is similar (Heft-Neal et al., 2017). Work that identiﬁes i) the
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Fig. 6. Coefﬁcient estimates returned from Geographically Weighted Panel Regression (GWPR) models examining, the relationship between a) grass, b) shrubs, and c) trees, and daytime
LST. The local R2 values are plotted in (d).

relationship between urban vegetation and air temperature and air
temperature and socio-economic outcomes, or ii) the relationship between LSTs and socio-economic outcomes will be important to quantify
the adaptive beneﬁt of different types of urban vegetation initiatives in
economic terms and the opportunity costs of developing without urban
vegetation under warming climates. We have shown that high resolution vegetation height data can provide a more nuanced understanding
the relationship between urban vegetation and LSTs (Table 1, Figs. 6 and
7). This data is useful for performing such analysis as it provides a closer
resemblance to actual urban vegetation types and conﬁgurations.
In cities such as Perth a key planning question is ‘when development
occurs that clears vegetation, where can this displaced vegetation be
replanted to mitigate subsequent warming’? Often this question is
posed in the context of offsetting vegetation loss from private development using public lands. For this offsetting strategy to work, proximal
vegetation must deliver a cooling effect as suggested by Chun and
Guldmann (2014). However, it is likely that with small patches of vegetation typically found in urban landscapes, proximal cooling effects will

be small and local which challenges detection with relatively coarse LST
datasets (e.g. the MODIS LST dataset used here). This suggests a need for
ﬁne spatial and multi-temporal urban LST data. Weng et al. (2014) demonstrate an approach to generate 30 m spatial resolution daily LST by
blending Landsat and MODIS observations; producing such data can
be done with relative ease using new computational resources such as
Google Earth Engine (Gorelick et al., 2017). Generating ﬁne spatial and
multi-temporal resolution datasets of urban LST and tracking how LST
exposure varies with adjacent vegetation loss is an important area for
future research now becoming feasible with existing observational
datasets and computational resources.
5. Conclusions
This study assessed how urban vegetation type inﬂuenced urban LST
using Perth, Western Australia, as a case study. This is a pertinent question for urban planners who are seeking strategies to adapt cities to
warming conditions due to both climate change and urban heat island
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Fig. 7. Representative regression tree from the ensemble of regression trees generated using Random Forests showing the relationship between urban vegetation and summer LST. Values
at the terminal nodes are the mean LST for observations that fall in that node, and values next to vegetation labels at each node correspond to the percentage of vegetation cover of that
vegetation type within a MODIS LST pixel. The values at the terminal nodes of the tree represent the predicted temperature values associated with a given vegetation type; exemplar
vegetation types from locations across Perth associated with each terminal node are shown beside each node. The map shows each location across Perth classiﬁed into a temperature
category based upon its vegetation structure using the most representative tree displayed here.
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effects. In particular, we sought to use datasets of urban vegetation that
resemble actual vegetation types/structure and to be cognisant of how
spatial variation and complex interactions between different urban vegetation types may inﬂuence urban LST.
We showed that an increase in urban vegetation within a location
reduces summer and winter LSTs and that this effect was larger in summer months. We showed that shrubs (vegetation of 0.5 m to b3 m in
height) and trees (vegetation N 3 m) have a larger cooling effect on
LST than grass. These relationships were consistent across a range of robustness checks. Combinations of shrub and trees were shown to have a
cooling effect; lower height urban vegetation such as shrubs are potentially easier to integrate into urban areas compared to trees. Planners
might ﬁnd capitalising on these cooling gains easier to reconcile with
competing land uses and quicker to be realised than those from large
trees with long growth times. That said, urban development that fosters
growth of dense and tall vegetation over time might have future cooling
pay-offs under warming climates and shrubs may cool surface temperatures more than air temperatures.
Metrics such as the NDVI or ‘green’ land cover have been useful in establishing the relationship between urban vegetation and LST. However,
they mask considerable variation in the vertical and spatial conﬁguration of urban vegetation and how this variation inﬂuences temperature
exposure. Our analysis showed that the relationship between grass,
shrubs, and trees, and LST varied spatially across the landscape and
that cooling effects can be realised through different combinations of
the three. We advocate further work that seeks to better understand potential cooling mechanisms and how complex urban landscapes, including interactions between urban vegetation and built-up land covers,
interact with the atmosphere to inﬂuence temperature. Such insights
will allow planners to be more focused and context-speciﬁc in their
targeting of vegetation strategies within urban landscapes.
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