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• We investigated the vegetation – air
temperature – land surface temperature nexus in southern California.
• We coupled 300 in-situ air temperature
sensors with airborne measurements of
a vegetation index and surface temperature.
• Vegetation was associated with cooler
land surface temperature during the
day and air temperature at night.
• Vegetation provides cooling beneﬁts although the effects on microclimate vary
by temperature, vegetation, and time of
day.
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a b s t r a c t
Our study examines the urban vegetation – air temperature (Ta) – land surface temperature (LST) nexus at
micro- and regional-scales to better understand urban climate dynamics and the uncertainty in using satellitebased LST for characterizing Ta. While vegetated cooling has been repeatedly linked to reductions in urban LST,
the effects of vegetation on Ta, the quantity often used to characterize urban heat islands and global warming,
and on the interactions between LST and Ta are less well characterized. To address this need we quantiﬁed summer temporal and spatial variation in Ta through a network of 300 air temperature sensors in three sub-regions of
greater Los Angeles, CA, which spans a coastal to desert climate gradient. Additional sensors were placed within
the inland sub-region at two heights (0.1 m and 2 m) within three groundcover types: bare soil, irrigated grass,
and underneath citrus canopy. For the entire study region, we acquired new imagery data, which allowed calculation of the normalized difference vegetation index (NDVI) and LST. At the microscale, daytime Ta measured
along a vertical gradient, ranged from 6 to 3 °C cooler at 0.1 and 2 m, underneath tall canopy compared to bare
ground respectively. At the regional scale NDVI and LST were negatively correlated (p b 0.001). Relationships between diel variation in Ta and daytime LST at the regional scale were progressively weaker moving away from the
coast and were generally limited to evening and nighttime hours. Relationships between NDVI and Ta were stronger during nighttime hours, yet effectiveness of mid-day vegetated cooling increased substantially at the most
arid region. The effectiveness of vegetated Ta cooling increased during heat waves throughout the region. Our
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ﬁndings suggest an important but complex role of vegetation on LST and Ta and that vegetation may provide a
negative feedback to urban climate warming.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
Urbanization is characterized by extensive land use transformation
and altered surface thermal characteristics (Kalnay and Cai, 2003). Increased heat capacity associated with built environments leads to
warmer nighttime urban air temperatures (Ta), commonly described
as the urban heat island (Oke, 1973; Santamouris, 2015). During the
day, limited evaporation and low albedos of built surfaces are associated
with greater daytime urban radiant temperatures observed from remote sensors, commonly referred as land surface temperature (LST;
Jenerette et al., 2007). Notably, urbanization is associated with a high
degree of spatial heterogeneity in thermal characteristics and as a result,
there are large differences in intra-urban land surface and air temperatures (Upmanis et al., 1998; Svensson and Eliasson, 2002; Huang et al.,
2011; Hall et al. 2016; Jenerette et al., 2016) that change substantially
at daily and seasonal scales (Jenerette et al., 2013; Coseo and Larsen,
2014). Both components of urban temperature variation have important implications for the well-being of urban residents. Ta has been repeatedly found to inﬂuence energy demand through its relation to air
conditioning habits and human health through heat-related illness
(Kalkstein, 1991; Santamouris et al., 2001; Hondula and Barnett,
2014). LST is also an important variable in the study of urban climates
(Voogt and Oke, 2003) and has been shown to directly correlate with
heat-related health incidents (Laaidi et al., 2012; Vanos, 2015;
Jenerette et al., 2016). Uncertainties in understanding spatial and temporal variation in both Ta and LST in urban environments undermine a
robust understanding of the drivers of urban microclimates and relationships between LST and more widely characterized Ta. Resolving
the uncertainties at the vegetation-LST-Ta nexus is essential for designing urban landscapes that minimize the many negative consequences of
high urban temperatures.
LST modulates Ta of the lower layer of the urban atmosphere and is a
primary factor in determining surface radiation and energy exchange,
the internal climate of buildings, and human comfort in cities (Voogt
and Oke, 2003). Intra-urban Ta differences of N8 °C have been reported
(Upmanis et al., 1998; Svensson and Eliasson, 2002; Stabler et al., 2005).
LST variation within a city can be larger, spanning N 20 °C (Jenerette et
al., 2007). Reconciling causes and correlations in variation between
these two urban temperature components remains a persistent challenge (Hartz et al., 2006). The few studies of the relationships between
LST and Ta have had mixed results with some studies showing strong
correlations and others not identifying relationships (Hartz et al.,
2006; Cheng et al., 2008; Schwarz et al., 2012). When Ta - LST linkages
are observed they show diel variation; with some evidence of correlations at night but less so during the day (Kawashima et al., 2000). The
diel variation may be in response to the effects of increased atmospheric
mixing during the day compared to night and also thermal properties of
different surfaces. While distinct indicators of urban microclimates,
both daytime increases in LST and nighttime increases in Ta represent
risks to human health in urban environments (Kalkstein, 1991; Harlan
et al., 2014).
Increasing urban vegetation is becoming a widely used tool for reducing both urban Ta and LST (Kurn et al., 1994; Weng and Yang,
2004; McPherson et al., 2011; Gillner et al., 2015; Larsen, 2015). Urban
vegetation has a particularly important role in cooling surface temperatures during the day via evapotranspiration, physical shading, and also
by increased albedo and reﬂected radiation relative to paved surfaces
(Imhoff et al., 2010; Jenerette et al., 2016). For instance, the albedo of
green roofs, which ranges from 0.7 to 0.85, is much higher than the
0.1 to 0.2 albedo range of typical rooﬁng surfaces such as bitumen, tar,

and gravel, and enables green roofs to reﬂect 20–30% of solar radiation
(Berardi, 2014). Georgescu et al. (2014) suggested in a modeling study
that urban adaptation strategies such as green rooﬁng (i.e., highly transpiring), or cool rooﬁng (i.e., highly reﬂective) can offset urban-induced
air temperature warming in cities across the United States and also offset a signiﬁcant percentage of future greenhouse gas-induced warming
over large scales. Similarly, many empirical studies have shown that increasing vegetation and speciﬁcally, canopy cover can substantially reduce LST (Declet-Barreto et al., 2016).
The magnitude of vegetated LST cooling depends on multiple factors
including local meteorological conditions and extent of vegetation
cover. Different forms of vegetation, for example grass versus trees,
may have different inﬂuences on local microclimate. Tree-shading of
built surfaces can provide comparable surface cooling as transpiring
grass and additional cooling beneﬁts relative to grass (Armson et al.,
2012; Vanos et al., 2016). For instance, Armson et al. (2012) showed
tree shade reduced surface temperatures by up to 19 °C, compared to
a 24 °C reduction in maximum surface temperature related to grass
cover. Yet, grass cover had little effect on globe temperature, a metric incorporating the effects of radiation, Ta, and wind on human comfort,
while shading reduced globe temperature by 5–7 °C. Diel and seasonal
variation in correlations between vegetation and LST suggest much
stronger coupling during midday and in warmer seasons, than at night
and in cooler seasons (Buyantuyev and Wu, 2010; Jenerette and
Potere, 2011; Myint et al., 2013; Jenerette et al., 2016). Similarly, spatial
variation across a climate gradient of the correlation between vegetation and LST also suggest more effective cooling in hot, arid locations
compared to milder, coastal locations (Tayyebi and Jenerette, 2016).
In contrast, the role of vegetation in reducing Ta is less well understood and linkages between vegetation cover and Ta are more variable
than vegetation – LST relationships. Sampling campaigns directed toward evaluating the effects of individual trees, green spaces, green
roofs, or the urban tree canopy have shown localized air cooling associated with vegetation (Hart and Sailor, 2009; Feyisa et al., 2014; Petralli
et al., 2014; Santamouris, 2014; Yan et al., 2014; Coseo and Larsen,
2014; Gillner et al., 2015; Wang et al., 2015). However, other studies
have found no detectable effects of vegetation on Ta (Grundström and
Pleijel, 2014; Klemm et al., 2015) or only limited effects when comparing the endpoints between bare to vegetated land covers (Skelhorn et
al., 2014). Where vegetation effects on urban Ta have been found, they
vary in diel magnitudes and in response to differing weather conditions
(Coseo and Larsen, 2014; Wang et al., 2015). Further, climate context
may have large inﬂuences on connections between land surface and
local Ta patterns (Hall et al., 2016).
To address the uncertainties in the vegetation-LST-Ta nexus, we investigated their relationships at micro- and regional-scales across the
Greater Los Angeles region spanning a coastal to desert gradient. First,
we asked how different dominant vegetation functional types affected
microscale Ta patterns at an intermediate climate location. At microscales, we hypothesized that vegetation would decrease near-surface
temperatures, with increased cooling associated with taller canopies.
We further predicted the land cover effect would be greater at near surface than at 2 m above ground because of increased air mixing at higher
locations. Second, we asked how the relationships between urban vegetation, LST, and Ta vary across a regional-scale coastal to desert climate
gradient. We hypothesized that increased vegetation cover will reduce
Ta and LST-Ta differences, regardless of micro- or regional-scale, due to
increased surface shading and evapotranspiration associated with increasing vegetation cover. We predicted that microclimate and vegetation relationships would increase in magnitude with increasing distance

S.A. Shiﬂett et al. / Science of the Total Environment 579 (2017) 495–505

from the coast due to higher rates of evapotranspiration driven by
higher vapor pressure deﬁcits at arid sites. We also hypothesized that
relationships between LST and Ta will become weaker across a climate
gradient because warm air absorbs less heat from land surfaces than
cool air due to a reduced thermal gradient. Finally, we asked how do
the climate – vegetation interactions differ during an extreme heat
wave event relative to a cool period? We hypothesized the cooling effect will be stronger during the heat wave because evapotranspiration
will increase during warmer periods. This heat wave was selected for
further analysis because it was a noted social event and the effects
spanned across all three regions.
2. Methods
2.1. Study site
The Greater Los Angeles metropolitan area, the second largest urban
region in the United States, comprises 5 counties (Los Angeles, Orange,
Riverside, San Bernardino, and Ventura), several major cities, and
88,000 km2. While the entire region is characterized by a Mediterranean
climate of alternating cool-wet winters and hot-dry summers, urbanization also extends across a pronounced coastal to desert climate gradient
with mean annual temperatures increasing from 17.7 °C, 18.6 °C, to
24.3 °C and mean annual precipitation decreasing from 474.2 mm,
262.2 mm to 140.2 mm, from coastal Los Angeles proper to increasingly
arid Riverside and Palm Springs, CA respectively. Elevation of sampled
regions was 74 ± 16 m in Los Angeles, 306 ± 43 m in Riverside, and
117 ± 23 m in Palm Springs. Land cover distributions are a complex mosaic (Jenerette et al., 2013) and urban vegetation including N 200 tree
species is extensive throughout the region (Clarke et al., 2013). Improved understanding of interacting relationships between climate,
land cover, and surface energy balance parameters such as temperature
and evaporation across the Greater Los Angeles megapolitan region are
needed as the area includes N18 million inhabitants and increasing frequency of high temperature periods (Xu et al., 2012). Further, with a
large climate gradient, which extends from the coast (23 °C mean maximum summer Ta) to desert (48 °C mean maximum summer Ta), the Los
Angeles, CA metropolitan region is a particularly useful study area to investigate relationships between urban LST, Ta, and vegetation.
2.2. Microscale
A portion of this research was conducted at an agricultural research
station located at the University of California Riverside, in Riverside, CA.
In order to test the diel effect of vegetation cover on air temperature,
Thermochron iButton sensors in custom-made white vented enclosures
(similar to Hall et al., 2016) were placed at two heights (0.1 m and 2 m)
above bare soil, irrigated grass, and underneath citrus canopy of two
canopy heights (2 m and 4 m). Citrus canopy at 2 m height consisted
of individual trees, which were spaced ~1.5 m apart, whereas, canopy
at 4 m height consisted of rows of mature trees that formed closed canopies. Three replicates were sampled within each cover and height class.
2.3. Regional scale
We quantiﬁed temporal (i.e., diel and monthly) and spatial variation
in Ta by placing a network of 300 Thermochron iButton sensors on
urban trees in cities spanning the Los Angeles metropolitan region
(Los Angeles, Riverside, and Palm Springs, CA) from June to September
2014 (Fig. 1). Sensor locations were identiﬁed through a spatially stratiﬁed design and then choosing the closest available tree to each designated sampling location. Each sensor was placed in a custom-made
vented white plastic shield and attached to the tree in an inconspicuous
location at approximately 2 m height. Trees provide practical sensor siting. Not only are trees accessible throughout the urban environment,
but they enable consistent sampling height in unobtrusive locations,
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discouraging sensor vandalism and theft (Doick et al., 2014). Wind
speed data were obtained from California Irrigation Management Information System (CIMIS) using stations at the Integrated Regional Water
Management Southern Region Ofﬁce in Santa Monica, CA, the University of California Riverside's Agricultural Experiment Station, and at the
Shadow Hills Golf Club in Indio, California (http://www.cimis.water.ca.
gov/WSNReportCriteria.aspx).
2.4. Remote sensing
Our study uses AVIRIS Airborne Visible-Infrared Imaging Spectrometer (AVIRIS) and MODIS/ASTER Airborne Simulator (MASTER) data
collected from the June 2014 Hyperspectral InfraRed Imager (HyspIRI)
preparatory mission. The HyspIRI satellite mission, recommended by
the 2007 National Research Council “Decadal Survey”, will determine
spectral and thermal characteristics of the world's ecosystems, enable
monitoring of vegetation health, and detect and promote understanding
of changes in terrestrial surface phenomena (Lee et al., 2015). HyspIRI is
comprised of two instruments: a visible and shortwave infrared
(VSWIR) imaging spectrometer and a thermal infrared (TIR) multispectral imager, together with a payload module enabling onboard processing and rapid transfer of selected data (Lee et al., 2015). The satellite will
operate in low Earth orbit and provide global coverage every 5–6 days at
30–60 m spatial resolution. Prior to launch of the satellite, NASA initiated a HyspIRI preparatory campaign that uses similar technology as the
proposed satellite, in the form of the AVIRIS and MASTER imagers, and
was conducted throughout California (Roberts et al., 2012). For the
HyspIRI preparatory mission, the imagers were mounted on the NASA
ER-2 high-altitude aircraft, which collected VSWIR and TIR imagery simultaneously at approximately 20 km above sea level (Roberts et al.,
2015).
Data products derived from this mission used here consisted of LST
and NDVI, a widely used remotely sensed vegetation index (Tucker,
1979) and were of high quality. While a small portion of null values occurred within the NDVI layer, these locations were restricted to mountainous areas or along ﬂight line edges. Anomalous or missing data
values were not detected within our study sites. We used remotelysensed data products to characterize targeted interacting relationships
between climate, land cover, and surface energy balance parameters
across the Greater Los Angeles, CA metropolitan area. Consistent with
the large majority of urban LST studies, our remote sensing data were
obtained from a single daytime ﬂight. Overlapping ﬂight lines captured
all sites at approximately the same time of day (TOD) at 1300 h on June
13, 2014.
2.5. Land surface temperature
The MASTER sensor acquired data across the visible through mid-infrared wavelengths in 50 spectral bands and was used to derive LST at
50 m spatial resolution (Hook et al., 2001). Brightness data, including information on both surface temperature and surface emissivity, were
collected by the MASTER sensor. Data were obtained from (http://
masterprojects.jpl.nasa.gov/L2_Products), which was initially postprocessed to level 2B, and included atmospheric correction,
georectiﬁcation, and georeferencing to the Universal Transverse Mercator projection system (datum WGS84, UTM Zone 11N). Subsequent
post-processing of the MASTER data to include calculation of LST was
conducted using ENVI/IDL. LST was extracted at each iButton location
using ArcMap (ver 10.1, ESRI).
2.6. Normalized difference vegetation index
Vegetation indices are commonly developed from remotely sensed
data to study changes in vegetative cover and LST associated with increasing urbanization (Roberts et al., 2015). For our study, NDVI was derived from AVIRIS data. AVIRIS delivers calibrated images of spectral
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Fig. 1. Site description. Inset left panel (A): Coastal to desert transect of highly urbanized cities Los Angeles, Riverside, and Palm Springs, CA. (B, C, D) NDVI of each city overlain with
Thermochron iButton sensor locations. Average Ta, calculated across all samples, for each sensor is represented by grayscale where darker colors indicate cooler temperatures. N.B.
Microclimate iButton sensors were located within the University of California, Riverside (UCR) agricultural research station ﬁelds displayed on the Riverside, CA subregion map
(vicinity represented by a star).

radiance in 224 spectral bands in 10 nm contiguous bands with wavelengths from 400 to 2500 nm (Hook et al., 2001). AVIRIS uses a scanning
mirror to sweep back and forth, producing 677 pixels for the 224 detectors on each scan. Spatial resolution of AVIRIS for the HyspIRI preparatory campaign on June 13, 2014 was 20 m.
We obtained level 2B post processed data (http://aviris.jpl.nasa.gov/
data), which included atmospheric correction, georectiﬁcation, and
georeferencing to the Universal Transverse Mercator projection system
(datum WGS84, UTM Zone 11N). Atmospheric correction was conducted using the Atmospheric CORection Now software, which generates reﬂectance, column water vapor, and liquid water and is the standard for
AVIRIS data (Roberts et al., 2015). We further processed AVIRIS data to
obtain NDVI (Huete et al., 2002) using Eq. (1) (where B29 and B51 correspond to AVIRIS spectral channels 29 and 51 with wavelengths
0.64 μm and 0.83 μm). NDVI was averaged across a 50 m buffer at
each iButton location and extracted using ArcMap (ver 10.1, ESRI). A
50 m buffer size was chosen to better align NDVI with a pixel size corresponding to LST and integrate mixed land cover surfaces within close
proximity to each iButton location.
NDVI ¼ ðB29−B51Þ=ðB29 þ B51Þ

day (0000, 0600, 1200, and 1800 h) and compared at each time period
for each height class using one-way analysis of variance (ANOVA). At
the regional scale, linear regression analysis was used to compare LST
obtained at 1300 h (when ﬂight lines covered all sites at approximately
the same TOD) to NDVI, and Ta obtained from all iButtons within a region at this sampling time. Linear regression analysis was also used to
compare diel and seasonal variation in Ta.
iButton data were subset to examine a late-season heat wave
(DOY = 257–259) and post-heat wave interval (DOY = 262–264). At
the microscale, lapse rates were calculated for each land cover type
and at both height classes as the change in temperature over the change
in height. Two-way ANOVA was used to determine interactions between land cover type and DOY class (i.e., heat wave, all data, and
post-heat wave). At the regional scale, linear regression analysis was
used to compare NDVI and Ta averaged across iButtons, during and
after the heat wave. Differences between resultant slopes during and
post-heat wave within each region were determined using analysis of
covariance (ANCOVA). Wind speed data obtained from CIMIS stations
were compared between day and night using t-tests. All analyses were
conducted using Matlab (ver 7.12.0.635, MathWorks).

1
3. Results

2.7. iButton data QA/QC
iButtons were programmed using Thermodata Viewer software (ver
3.1.28, Thermodata) to record data hourly. iButton temperature readings were compared and calibrated by placement in climate controlled
chambers at −12 °C, 4 °C, and at room temperature for a minimum of
four hours in each environment pre- and post-deployment. No sensors
were determined to yield erroneous temperature readings and all sensors recorded data to an accuracy of ±1.0 °C, regardless of temperature
environment or deployment phase. Higher variation in iButtons was observed in cooler settings and was attributed to proximity to the front or
sides of the climate-controlled containers. Temperature drift pre- and
post-deployment was not observed; however, previous studies have
suggested that iButtons should be calibrated at least every half year
(Johnson et al., 2005).
Outliers of raw iButton data, considered as more than two and a half
times interquartile ranges below the ﬁrst quartile or above the third
quartile, were removed prior to data analysis. b5% of the original data
within each region was removed during the QA/QC process.
2.8. Data analysis
At the microscale, sensor averages were obtained for each land cover
type at 0.1 m and 2 m heights. Data were extracted at multiple times of

At the microscale in 4-month averages, land covers with vegetation
were cooler (smaller Ta) than a bare soil site and increasing vegetation
resulted in increasing cooling effects (Fig. 2). The cooling effect was
greatest for the tall tree plots relative to bare plots at 0.1 m height
with a mean cooling of 4.0 ± 2.8 °C. A maximum difference of mean
cooling between bare soil and tall tree plots of 6.9 °C occurred near
the land surface at midday and a minimum difference of mean cooling
of 2.0 °C occurred in the late afternoon (i.e., 1800 h). While the tall
tree plots were always cooler than the bare plots at both measured
heights (Fig. 2), differences between bare soil and both short tree and
grass plots were not as consistently observed. At 0.1 m height grass
and short trees were cooler than bare soil during the midday (4.6 and
6.7 °C mean differences respectively) and late afternoon periods (3.0
and 4.1 °C mean differences respectively), but not during night or
early morning periods, suggesting the effectiveness of shading by the
canopy. At the 2.0 m height samples, differences between the bare soil
and grass or short tree plots were only observed at the midday period
(2.2 and 2.3 °C mean differences, respectively), suggesting the effectiveness of boundary layer mixing. Additionally, the ground temperature
was cooler underneath the tall trees (17.6 ± 3.6 °C) relative to the
short trees (18.8 ± 3.3 °C) and reached a lower daytime maximum
(26.8 ± 5.7 vs 27.9 ± 5.8 °C, respectively, Fig. 2). The local land cover
differences in temperature were greatest closer to the land surface
and underneath increasing vegetation cover.
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Fig. 2. Diel Ta at multiple heights (0.1 m and 2 m) above four land use types (B = bare ground, G = grass cover, S = short trees where canopy height ~2 m, and T = tall trees where canopy
height ~4 m). Five-day averages of diel Ta above bare soil and tall tree plots at 0.1 m (top left) and 2 m (bottom left). Ta averages across the entire sampling period are shown at six hour
intervals throughout the day above four land cover types at 0.1 m (top right) and 2 m (bottom right) heights.

Across the region, we observed consistent negative relationships between LST and NDVI (Fig. 3). However, signiﬁcant differences among
slopes were not observed (F = 1.75, p = 0.18). Mean LST, standardized
by time of acquisition, increased across the coastal- to desert-gradient
from 43.8 ± 3.1, to 46.8 ± 3.4, to 57.7 ± 4.2 °C in Los Angeles, Riverside,
and Palm Springs, respectively (Figs. 3, 4). Mean and maximum NDVI,
however, were fairly similar across the randomly sampled locations in
each region, with the highest observed mean NDVI in Riverside at
0.30 ± 0.10, and the lowest in Palm Springs at 0.22 ± 0.11 (Fig. 3). Relationships between LST and Ta at 1300 h, a time when aerial remote
sensing encompassed all sensors, had weak predictive power in Los
Angeles and Riverside (i.e., r2 b 0.10) and no relationship was observed
between LST and Ta in Palm Springs. Thus, despite a wide range in LST in
each region, ranges in Ta were relatively narrow. For example, LST varied in Los Angeles and Riverside, by as much as 13.4 and 16.6 °C, respectively, but Ta only varied by ~4 °C in each region during this timeframe;
this contrast again suggests the importance of atmospheric mixing and
dispersion of heat. In Palm Desert, a wider range was observed in both
LST and Ta, where LST varied spatially as much as 21.2 °C, and Ta varied
by 7.3 °C.
While nighttime Ta was similar between the Los Angeles and Riverside regions, during the day Riverside experienced higher maximum
temperatures (Fig. 4). Excluding a late season heat wave, the highest
daytime hourly average temperature in Riverside was 40.5 °C compared
to 32.6 °C in Los Angeles. The Palm Springs region experienced both
higher daytime maximum (44.8 °C, excluding a late season heat
wave) and nighttime minimum temperatures (20.2 °C) than either
Los Angeles (15.2 °C) or Riverside (14.5 °C). There was also more variation in Ta in Palm Springs, than either Los Angeles, or Riverside, as
shown by a higher standard deviation throughout the day in Palm
Springs relative to the other two regions (Fig. 4). Variability in Ta was
more pronounced during night-to-day, and day-to-evening transitions
in Los Angeles and Riverside, but in Palm Springs, higher variability occurred throughout the day more often than in the other two regions.

Across all three regions, Ta was related with both LST and NDVI, although the magnitude of the relationships varied within and between
days (Fig. 5). Ta and LST were most consistently related in Los Angeles,
and Riverside, but substantially less so in Palm Springs (70%, 71%, and
8% of all sampling periods, respectively). Ta and NDVI were most consistently related in Los Angeles and slightly less so in Riverside and Palm
Springs (63%, 56%, and 56% of all sampling periods, respectively). In
Los Angeles and Riverside, the fewest signiﬁcant diel regressions between NDVI and Ta were observed between 0900 and 1600 h, whereas
in Palm Springs, the distribution for signiﬁcant versus non-signiﬁcant
relationships was more evenly distributed throughout the day. From
1000 to 1300 h, signiﬁcant relationships between NDVI and Ta were observed on 60 days or more in Palm Springs, compared to fewer than
10 days in the other two regions.
Several heat waves are evident that span the entire region. A strong
late season heat wave occurred on days 257–259 in September. During
this period, maximum hourly temperature averaged across sampling locations exceeded 37.4 ± 1.4 °C in Los Angeles, 41.4 ± 0.8 °C in Riverside,
and 42.6 ± 1.7 °C in Palm Springs. Unlike Los Angeles and Riverside,
where the highest daytime maximum occurred during the late season
heat wave, the highest daytime maximum air temperature occurred in
Palm Springs during a July heat wave (DOY = 205).
Lapse rates, which compare the change in temperature relative to
the change in height, of microscale plot data demonstrate differences
among land cover types during the heat wave compared to after the
heat wave (Fig. 6). Two-way ANOVAs comparing lapse rates at the various sites (i.e., bare, grass, short trees, or tall trees) and temperature regimes (i.e., heat wave, all data, and post-heat wave) revealed signiﬁcant
interactions between site and temperature regime both at night (F =
5.884, p = 0.001) and during the day (F = 2.284, p = 0.035). Posthoc testing demonstrated that during both night and day, lapse rates
were signiﬁcantly different during a heat wave compared to all data or
post-heat wave, where the latter two categories were not different
from one another during the day. Furthermore, at night, the bare surface
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while NDVI was obtained from AVIRIS hyperspectral data captured from multiple ﬂight lines.

Ta during the heat wave were different than those during the cool period primarily during the early morning (e.g., 0400–0800 h), and late at
night (2300–2400 h), whereas in Riverside, differences in slopes were
observed at night (e.g., from 2000 to 2400), and in the early morning
(e.g., 0500 h). In Palm Desert, differences in pre- and post-heat wave
slopes were conﬁned to 1 h of the day (2300 h). However, differences
between the late season heat wave and post-heat wave Ta at the hottest
time of the day (i.e., 1500 h) were greater in Los Angeles (10 °C) and
Riverside (12 °C), than in Palm Desert (5 °C).

and tall tree covered surfaces had similar lapse rates, whereas the short
tree- and grass-covered surfaces were different from each other, as well
as, from the other two surfaces. During the day, lapse rates of all vegetated surface groups were different from the bare soil group. The tall treeand short tree-covered surfaces were also different from the grass-covered surfaces. For both the short and tall tree plots, lapse rates changed
minimally at nighttime and changes were greater during the day. During the day, Ta at 0.1 m was warmer than at 2 m for both the bare and
the grass plots, as evidenced by a negative lapse rate, but the opposite
occurs for both types of tree plots, where the Ta at 0.1 m is cooler than
at 2 m (Fig. 6). During heat waves, the skies were cloud-free and therefore, strong radiative cooling at night can lead to temperature inversion
near the surface (especially over bare soil), which yields positive lapse
rate at night. In contrast, during post heat-wave cloudy skies, clouds
can absorb thermal radiation and emit it back to the surface, thereby
rendering negative lapse rate at night.
Slope analysis comparing NDVI and Ta during the heat wave and on
several days following the heat wave revealed that vegetation had a
stronger effect (i.e., more negative slope) on Ta during periods of extreme warmth than during a cooler period (Fig. 7). This suggests that
vegetation has an important role in coping with the effect of heat
waves. No differences were observed during the middle of the day or
evening (~0900–~1900 h), but nighttime differences were observed at
2300 h across cities (Fig. 7). In Los Angeles, slopes between NDVI and
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We found a substantial inﬂuence of vegetation on both LST and Ta
across the dramatic climate gradient in southern California. At a microscale in the moderately arid inland region, increased vegetation cover
reduced Ta, regardless of time of day and the effect was strongest closest
to the land surface and during heat waves. These results were consistent
with our predictions that increasing vegetation would decrease near
surface temperatures and effects would be reduced with increasing
height above the ground surface. However, in contrast to predictions
of stronger land cover – LST coupling in hotter, more arid locations
(Tayyebi and Jenerette, 2016), slope analysis showed that land cover –
LST relationships were similar from the coast to the desert. Consistent
with our predictions, we detected less coupling between LST and Ta

0

Fig. 4. Heatmap depicting hourly Ta (top three panels) throughout the study period and standard deviation of Ta (bottom three panels). Each pixel represents the average of all sensors
within a given city where L = Los Angeles (n = 95), R = Riverside (n = 89), and P = Palm Springs (n = 94). The upper limit of the scale for standard deviation includes values N2.
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across the climate gradient. Furthermore, while intra-urban LST is more
closely connected with land cover during the day than at night (Myint et
al., 2013; Jenerette et al., 2016) we found Ta is primarily inﬂuenced by
land cover at night. Yet, in the desert, midday reductions in Ta associated
with increasing vegetation cover occurred with greater frequency than
in the other two regions. These ﬁnding show the time and space varying
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Fig. 6. Lapse rate (i.e., Δ Ta/Δ sensor height) over four land cover types during a late season
heat wave, for all data, and in the period immediately following the heat wave during the
night (i.e, from 2000 h–0700 h, top), and day (i.e., from 0800 h–1900 h, bottom).

relationships with the vegetation-LST-Ta nexus differentially respond to
land cover and climate changes and may have distinct inﬂuences on
human health and energy consumption patterns.
4.1. The vegetation-LST-Ta nexus
LST and Ta provide distinct indicators of climate that differ in magnitude of variation and response to meteorological and land cover patterns. Determination of surface temperature in cities is challenging
due to the complex structure of the urban-atmosphere interface
(Voogt and Oke, 2003). LST is measured using remote sensing techniques from a single time period and the height of the surface measurement can vary from a tree canopy or building roof to the ground. How
the total active three dimensional urban surface characteristics inﬂuence LST measurements is unclear (Roth et al., 1989; Soux et al.,
2004). At the same time, small-scale patterns in urban land cover
patches and associated variability in thermal properties of each surface
may contribute to a disconnect between LST and Ta, regardless of climate region. For example, each component surface in urban landscapes
(e.g., lawn, parking lot, road, building, and vegetation canopy) exhibits
unique radiative, thermal, moisture, and aerodynamic properties and
contribute differentially to warming of air parcels (Oke, 1982). Previous
work has shown that depending on the scale, spatiotemporal Ta patterns can be highly variable and complex due to the heterogeneity of
environmental factors that control urban energy balance and microclimate systems (Oke, 1982; Benali et al., 2012).
The complexity in the relationships between urban warming indicators is in line with Voogt and Oke (2003), who found that while no simple general relation was observed between LST and Ta, correlations
improved at night when microscale advection is reduced. In Palm
Springs, relationships between LST and Ta were generally poor, yet, far
more signiﬁcant relationships were observed at night between 2000
and 2400 h. Other studies, which have sought to ﬁnd relationships between LST and Ta, note the importance of micro-advection in the nearsurface air layer, which promotes mixing of the thermal properties
across a wider environment (Roth et al., 1989; Imhoff et al., 2010;
Zhao et al., 2014). Air parcels warm at different rates and contribute
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an important step toward understanding LST – Ta relationships in order
to use satellite-based LST for globally mapping Ta.
At diel scales, relationships between maximum LST and Ta are more
complex during the day than at night due to the dynamic inputs of solar
radiation (Vogt et al., 1997; Czajkowski et al., 2000). Nocturnal intraurban variability in LST is smaller than diel variability, while the opposite pattern occurs for variability of urban Ta (Unger et al., 2009). Thus,
there appears to be a contradiction in how near-surface climates are
connected to active surfaces in urban landscapes. Roth et al. (1989)
posit this could be due to multiple reasons including the lack of a simple
connection between LST and Ta values, remote sensors failing to capture
the full active surface in urban areas, and failure to recognize the different scales of climatic phenomena. Accordingly, the complex relationships between LST and Ta were not unexpected.
Vegetation can have a strong inﬂuence on LST – Ta dynamics owing
to the transfer of water and energy between land surface and atmosphere, partitioning incoming radiant energy into latent and sensible
heat (Stisen et al., 2007; Mildrexer et al., 2011). At a microscale in the
moderately arid inland region, increasing vegetation cover reduced Ta.
Yet, reductions in temperature between bare soil and both grass and
short tree plots were not consistently observed. Bare soil has higher
temperatures in the day compared to vegetated surfaces due to a lack
of shading and thus more absorption of radiant heat. At night, bare
and vegetated surfaces reach equilibrium with Ta and approach similar
temperatures as sensible heat is given off to the atmosphere. Additionally, the tall tree plots had a closed canopy, maximizing ground shading
and minimizing solar irradiance reaching the ground surface, whereas
the short tree plots consisted of individual trees, spaced ~ 1.5 m apart
and lacking a closed canopy, enabling sunﬂecks to penetrate the canopy,
thereby transferring more energy to the ground surface. Plant functional
4
Night

***

Day

***

Wind speed (m sec -1)

differentially to mixing during the day, factors which make it challenging to establish a straightforward relationship between LST and Ta. Increases in vegetative cover lead to both increased ground shading and
evaporative cooling, thus reducing LST and Ta by reducing the amount
of land surface area exposed to absorb solar radiation and corresponding sensible heat ﬂux.
Albedo is also an important parameter pertaining to the thermal aspects of vegetation and built environments because higher albedo of
vegetated versus traditional built surfaces reduces solar heat load
(Dimoudi and Nikolopoulou, 2003; Imhoff et al., 2010). By reducing
the net incoming radiation, increased albedo provides cooling by lowering air and surface temperatures. Local and downwind ambient air temperatures are also reduced because of smaller convective heat ﬂuxes
from cooler surfaces (Taha, 1997). While albedo for vegetation generally varies between 0.09 and 0.25, species found in hot-dry climates with
low rainfall and high evaporative demand have higher albedos than
those in mesic environments (Dimoudi and Nikolopoulou, 2003). Deciduous species also tend to have higher albedo (e.g., 0.15 to 0.18) relative to coniferous species (i.e., 0.09 to 0.15) and grasses tend to have
higher albedo (e.g., 0.20 to 0.25) relative to trees (Kessler and Jaeger,
1999; Coakley, 2002; Dimoudi and Nikolopoulou, 2003). The albedo of
built surfaces varies greatly within an urban region, especially with
adoption of green-roof and cool-roof heat mitigation strategies
(Berardi, 2014; Georgescu et al., 2014). While albedo was not measured
in our study, we expect it does contribute to the variability and degree of
coupling between LST and Ta within and among urban regions. Future
work is needed which not only quantiﬁes species-speciﬁc cooling effects, but also accounts for the albedo of heterogeneous components
of the built urban environment.
The built urban environment also inﬂuences radiant temperatures as
the sky view factor (SVF), which expresses the ratio between radiation
received by a planar surface and that from the entire hemispheric radiation environment, decreases with increasing obstructions (e.g., height
and density of buildings) thereby slowing surface cooling during calm,
cool nights (Oke, 1981; Svensson, 2004). We observed stronger relationships between LST and Ta when comparing daytime LST with nighttime Ta, as opposed to daytime Ta. Surfaces with higher daytime LST
absorb and store more heat during the day and re-release more heat
at night in the form of longwave radiation and convectively as sensible
heat warming the surrounding air (Roth et al., 1989). Moreover, air is
typically calmer at night, albeit less so in deserts, and air parcels are
more likely to remain spatially closer to the surface where thermal
transfer from the land surface occurs (Stull, 1988). Wind speed data,
which show reduced nighttime wind velocities in Los Angeles and Riverside provide further support for the ﬁnding of higher degree of coupling between nighttime LST and Ta compared to daytime LST and Ta
(Fig. 8). Similar day versus night wind speed in Palm Springs may also
partially explain why fewer signiﬁcant relationships between LST and
Ta were observed daily relative to the other regions. Nevertheless,
since global mean surface temperature, a fundamental measure of global warming, requires the use of measured Ta over land, the work here is
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Fig. 8. Wind speed (m·sec−1) during the night compared to the day at a coastal site, inland
and in the desert. Weather stations were selected within 20 km of iButton sensors and
were representative of the three sampled urban regions; *** signiﬁes p b 0.001.
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types also affect microclimate differently, leading to variation in diel
cooling patterns (Armson et al., 2012). Differences in latent and sensible
heat ﬂuxes and albedos associated with bare, grass, and tree-covered
surfaces translate into variation in LST and Ta associated with each
land use type.
Our results at the regional scale contrast with other studies which
demonstrate mid-afternoon reductions in Ta by vegetation (Souch and
Souch, 1993; Hart and Sailor, 2009; Gillner et al., 2015), and studies
which demonstrate that tree canopies can retain heat at night (Huang
et al., 2008; Gillner et al., 2015). However, our results are consistent
with ﬁndings showing vegetation primarily inﬂuences nighttime air
cooling with limited effects during the day (Coseo and Larsen, 2014), especially in less arid regions. Higher evapotranspiration rates driven by a
higher vapor pressure deﬁcit in the more arid Palm Springs region may
explain why slightly more than half of the days sampled showed midafternoon reductions in Ta with increasing vegetation compared to
fewer than 10% in the other regions.
Vegetation is also one of many factors that affects lapse rate between
LST and Ta (Jin and Dickinson, 2010; Benali et al., 2012). The interaction
among factors such as vegetation, solar irradiance, soil moisture, soil
emissivity, cloud fraction, and wind velocity contributes to weak relationships observed between LST and Ta (Huband and Monteith, 1986;
Jin and Dickinson, 2010). Anthropogenic heat emissions such as from
air conditioning units and automobiles introduce further complexity
and variability into relationships between LST and Ta (Ohashi et al.,
2007; Sailor, 2010). Lapse rates between LST and Ta likely vary regionally due to a range of combinations in their drivers, thereby altering the
degree of coupling between LST and Ta. Understanding the differences
in drivers of variability between LST and Ta and vegetated cooling effects
among and within cities remains an ongoing challenge.
4.2. Scale dependence of urban vegetation – climate relationships
Increased vegetation cover reduces Ta at the microscale regardless of
TOD, but the effects of vegetation on Ta at a regional scale demonstrate
vegetated reductions in Ta limited to evening and nighttime hours in Los
Angeles and Riverside, and throughout the day in Palm Springs. The patterns which emerge depend on the scale of study (Hewitt et al., 2010)
and determination of the key scale(s) in which environmental processes operate is important for urban land cover – microclimate relationships (Jenerette et al., 2016). Not only does understanding gained by
linking processes across scales inﬂuence our ability to predict change,
but patterns that emerge at one scale can collapse to noise when observed at other scales (Hewitt et al., 2010). Such cross-scale differences
were observed in our study, where strong linkages between increased
vegetation cover and daytime Ta at the microscale were muted at the regional scale. Determining the factors which contribute to this breakdown will help us understand how information is transferred from a
ﬁne scale to a broad scale (Krönert et al., 2001). The importance of determining scale and examining cross-scale patterns is especially relevant in the context of regional effects of urbanization, increased
warming and aridity, and associated relationships with energy balance
phenomena.
4.3. Heat waves
The late season heat wave from DOY 257–259 set several records
throughout the region and was associated with the highest electricity
demand recorded in Los Angeles County. Utility ofﬁcials reported demand on September 16, 2016 was at 6235 MW, which topped a record
set the day before, and then previously on September 27, 2010 when
demand was 6177 MW. The energy demand was nearly double the
amount of energy experienced on a typical day in Los Angeles. Moreover, on September 15, 2014 downtown Los Angeles broke a nearlycentury-old Ta record for the date with a high of 39.4 °C. Heat alerts, advisories, and warnings were released by many local agencies and
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cooling stations were opened throughout the region to help provide
relief.
During heat wave events the role of potential climate mitigation
strategies may be especially important for reducing temperatures and
their negative consequences. Importantly, we found during the lateseason heat wave the effectiveness of vegetation is consistently stronger
in Los Angeles relative to the other two regions. This in part may be because temperature difference between the heat wave and postheatwave was several degrees larger in Los Angeles and Riverside, relative to Palm Springs. These results demonstrate that as heat intensity increases within a region, vegetation effectiveness for cooling Ta also
increases and acts as a potential negative climate feedback consistent
with vegetation – LST relationships (Jenerette et al., 2013; Tayyebi and
Jenerette, 2016). This vegetation-based negative climate feedback is in
contrast to positive reinforcing effects of urban heat islands on
heatwave meteorology (Li and Bou-Zeid, 2013). More research is needed to identify thresholds for heat-related cooling effectiveness, associated demands for water use, and variability in effectiveness among
species.
4.4. Planning for cooler cities
Our data suggest initiatives to increase green cover in urban areas
can mitigate urban warming and potentially reduce negative health
and energy consumption consequences of high urban temperatures. In
our study, data across multiple spatial and temporal scales indicate increased vegetation cover reduces air and surface temperatures. For instance, our microscale data demonstrate that vegetation may
substantially offset Ta during the day, especially immediately above
the land surface, while our regional scale analysis suggests large magnitudes of vegetated air cooling at night and surface cooling during the
day. Our data also show that vegetation cooling effectiveness was increased during periods of extreme heat. Therefore, in looking to climate
adaptations and heat mitigation, vegetation may have a beneﬁcial role
as a negative local climate feedback as the effectiveness of vegetation
for cooling increases in warmer conditions. Efforts to increase vegetation in high heat risk regions may have valuable impacts on heat vulnerability (Jenerette et al., 2013; Vargo et al., in press).
Nevertheless, important constraints on cooling effectiveness need
further investigation. For many regions, the water requirements of vegetation can be large and represent an important trade-off for cooling
through vegetation (Gober et al., 2010; Jenerette et al., 2013). Vegetation can differ dramatically in provisioning of cooling; as we showed
here grass and trees provide contrasting cooling effects. Previous work
supports the importance of plant functional type differences in cooling
(Jenerette et al., 2016) and many trait differences within plants of the
same type could also inﬂuence production of cooling services and associated water use trade-offs (McCarthy et al., 2011). Further, the arrangement of vegetation may also inﬂuence optimal cooling beneﬁts (Zhou et
al., 2011; Li et al., 2016). Clustering vegetation closer together may provide enhanced cooling beneﬁts relative to vegetation that is distributed
father apart because vegetation that forms a closed canopy will increase
albedo and reduce the amount of radiative energy absorbed and reemitted by the land surface. The taller tree plots in this study, which
were also linked with the highest cooling effectiveness, had a closed
canopy, while the other vegetation cover classes did not. Initiatives to
increase urban green coverage should therefore consider plant functional characteristics and arrangement to maximize urban cooling
beneﬁts.
4.5. Conclusion
While vegetation can be an effective approach for reducing both Ta
and LST, the complexities in urban climate variation are large. Identifying relationships between LST and Ta has been an important research
need within urban and global climate studies where satellite-based
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LST data are readily available. Here we show Ta and LST are complementary and linked climate indicators that differ in magnitudes of variation
and correlations with land cover characteristics. Vegetation had variable
cooling effects on both LST and Ta that depended on both spatial and
temporal contexts. Working across a dramatic climate gradient spanning mild coastal to extreme desert conditions allowed our study to
serve as a valuable case study directly relevant to the 18 million residents in the region and as a model system for other cities in diverse climate conditions. In looking to retroﬁt current urban environments and
build new urban infrastructure for the projected large increases in
urban residents, reducing potential heat impacts from combined global
and regional warming is a crucial sustainability challenge.
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