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Land surface temperature (LST) is of primary importance in understanding global environment change, urban
climatology, and land–atmosphere energy exchange. Analysis of long-term remotely sensed LST data remains
a challenge for researchers. Most previous studies explored urban thermal pattern over space and time using a
limited number of clear-sky images or by removing cloud-contaminated pixels. The limitation in the number
of image scenes prevents from deriving long-term LST climatology for a particular region. Moreover, simply
eliminating cloudy pixels inevitably obscures the spatial and temporal patterns of LST. This research attempts
to characterize the annual and seasonal temperature behaviors during the period of year 2000 to year 2010 in
Los Angeles by employing an annual temperature cycle (ATC) model. All 115 image scenes (path 41, row 36)
of less than 30% of cloud cover available from the Landsat archivewere utilized for the analysis. Three ATCparam-
eters, i.e., mean annual surface temperature (MAST), yearly amplitude surface temperature (YAST), and the
phase shift, were optimized with the Levenberg–Marquardt minimization scheme to understand the annual
and seasonal characteristics of LST. The overall RMSE of 7.36 K was achieved for the optimization for all 115
images; while for the median monthly composite, the RMSE reached 2.85 K. The monthly median composite
partly removed day-specific anomalies and the impact of cloud cover and reflected LSTs largely under clear sky
conditions, leading to the improvement in the modeling result. The MAST and YAST derived from the modeling
result of the monthly median composite data were further analyzed to relate to three normalized indices,
i.e., normalized difference vegetation index (NDVI), normalized differencewater index (NDWI), and normalized
difference built-up index (NDBI). The results showed that themean temperature of urban areas in LAwas as high
as in the barren land area, reaching almost 310 K, but the urban areas possessed a less fluctuation. Seasonal anal-
ysis suggested that inwinter, the urban areas observed a higher temperature than the barren land/desert, imply-
ing that urban materials held a larger amount of heat for a longer time than the barren land. The separation of
cloudy scenes into cloud percentage groups made it possible for the evaluation of the effect of cloud cover on
the ATC modeling process. The sensitivity analysis indicated that the inclusion of cloudy images brought about
a decrease in MAST ranging from 0.18 to 2.0 K, depending on the percentage of cloud cover and the number of
cloudy scenes used for themodeling. The decrease is due likely to the inclusion of cloud temperatures in analysis
rather than shaded or other land surface temperatures.When all cloudy imageswere included in themodeling, a
decrease of 2 K in MAST and an increase of 0.15 in YAST were observed. The regression analysis demonstrated
that NDBI and NDVI were the main factors influencing the spatial variations of MAST and YAST with the R2

value of 0.63 and 0.49, respectively. In addition, the spatial variation of YAST was found more complex than
that of MAST, since the three indices can only explain up to 53% of its variance.

© 2013 Elsevier Inc. All rights reserved.
1. Introduction

Land surface temperature (LST) and its spatial–temporal variations
are vital in studies of hydrological cycles, long-term climatological
changes, and land–atmosphere energy balances (Voogt & Oke, 2003).
In the process of urbanization, natural landscapes are transformed into
1 812 237 8029.
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a series of built-up lands, such as buildings, roads, driveway, sidewalk,
and parking lots (Xian& Crane, 2006). LST is a key component to under-
stand the variants within this transformation. The variations of LST in
urban areas have a significant impact on the local climate, as it modifies
the air temperature of the lower boundary of urban atmosphere and im-
pacts surface energy exchange and urban climate formation, and inter-
acts with human disturbances (Voogt & Oke, 2003;Weng, 2009; Xian &
Crane, 2006). Increase in the area of urban areas, especially densely
built-up land, changed the land surface energy balance and brought
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about higher LST values in the urban than in the surrounding rural areas,
contributing to the urban heat island (UHI) effect (Voogt & Oke, 2003).
LST variations are found to be associated with land use and land cover
(LULC) characteristics, resulting in strong heterogeneity within the
urban areas. Based on linear spectral mixture analysis, Weng, Lu, and
Schubring (2004) found that LST possessed a slightly stronger negative
relationship with vegetation fraction than with NDVI. In addition, Yuan
and Bauer (2007) demonstrated a positive linear relationship of LST
with percent impervious areas. Zhang, Zhong, Feng, and Wang (2009)
suggested that urban LST was closely related with the spatial distribu-
tion of vegetation patches, as well as their characteristics. The study
by Callejas et al. (2011) showed that the highest variability of LST was
detected in bare soils and urbanized areas. In the urban areas, residen-
tial land cover was relatively cooler than the central business district,
yielding the difference in LST as high as 15 °C (Quattrochl et al., 2000).
Therefore, finer spatial resolution remote sensing data are essential in
estimating urban thermal patterns.

Currently, only a few space-borne sensors can deliver medium
resolution thermal infrared (TIR) data required by the need to address
urban LST heterogeneity and to assess UHI effect (Weng, 2009). Howev-
er, satellite TIR sensors that are characterized by a relatively high spatial
resolution, such as Landsat TM, ETM+, and ASTER, typically have a
coarser temporal resolution. Given the long repeat-cycle of these satel-
lites, their TIR data are not readily useful for UHI monitoring. Surface
UHI is not only a phenomenon of high spatial variability, but also of
high temporal variability. Therefore, researchers have also utilized
data from those TIR sensors with coarse spatial but high temporal reso-
lution from geostationary platforms (sub-hourly imagery at 3–10 km
resolution), such as Geostationary Operational Environmental Satellite
(GOES) and Meteosat Second Generation (MSG), for the UHI studies.
Gottsche and Olesen (2001) utilized the GOES TIR data with a diurnal
temperature cycle (DTC) model to describe thermal behavior of land
surface, and demonstrated that the model was effective to characterize
surface properties at a spatial resolution of 5 km. Realizing the low spa-
tial resolution of GEOS LST data, Inamdar, French, Hook, Vaughan, and
Luckett (2008) presented an approach to employ MODIS TIR data to
disaggregate GOES data into half-hourly LST values at 1 km resolution.
Gottsche and Olesen (2009) modified their DTC model to account for
atmospheric attenuation of solar irradiation caused by the presence of
aerosols, dusts, and clouds. Zaksek andOstir (2012) utilized the principal
component and regression analyses to downscale SEVIRI LST over central
Europe to 1 km resolution per 15 min for the diurnal cycle analysis of
UHI. In addition to DTC analysis, Bechtel (2012) found that modeling an-
nual temperature cycle (ATC)was also feasiblewith Landsat data archive
to extract the mean annual surface temperature and the yearly ampli-
tude of surface temperature. His study in the city of Hamburg, northern
Germany, collected 35 TIR images from Landsat-5 and -7, and yielded
an estimation accuracy approximating 1 K. These studies provide impor-
tant insights into how time series of TIR data may be utilized to examine
the temporal variability of UHI without looking into the issue of urban
heterogeneity in LST.

In the early studies of urban LST variations, a problem encountered
by many researchers, especially those from developing countries, was
the lack of remotely sensed TIR data; however, at present, the problem
has been transformed into how to utilize the large amount of imagery
data archive such as those from Landsat. Various data mining methods
have been adopted to analyze the LST variability with time series of
imagery and/or over a long time period. Rajasekar and Weng (2009)
employed a Gaussian process model to explore the evolvement of UHI
magnitude over space and time in Indianapolis based on an analysis of
94 images (45 for day and 49 for night). Keramitsoglou, Kiranoudis,
Ceriola, Weng, and Rajasekar (2011) proposed an object-based image
analysis method for analysis of MODIS LST data to characterize urban
thermal patterns in the Greater Athens area, Greece. A total of 3041 im-
ages were used to reveal the magnitude, spatial extent, and maxima of
UHI. Although the use of data mining methods has, so far, been limited
to satellite systems such asMODIS TIRdata, theymay also be suitable for
high spatial resolution TIR image or for high temporal resolution image
data. In this research, we developed an approach to monitor UHI and to
analyze LST variation in Los Angeles using time series of Landsat-5 TIR
data and a data mining method. Specific objectives of the research are
three fold. The first was to estimate annual temperature cycle parame-
ters so as to analyze the annual and seasonal characteristics of LST
variability over a decade between 2000 and 2010. Secondly, with the
long-term Landsat data archive, this research attempted to evaluate
the effect of cloud cover on themodeling of LST variations. Themajority
of previous UHI studies relied on clear-sky satellite observations to de-
rive LST. The LST observed during clear-sky conditions, however, can
be quite different from that experienced under cloudy conditions. Final-
ly, the relationship between the derived LST parameters and selected
biophysical indexes were analyzed to understand better the spatio-
temporal variation of LST data.

2. Study area and data

2.1. Study area

The study area covers nearly thewhole LosAngeles County, California,
except for two offshore islands, the Santa Catalina Island and the San
Clemente Island, and a small portion of the southern region along the
coast, which is not covered by selected Landsat scene (path 41/row 36).
According to the US Census 2010, Los Angeles County has a population
of 9,818,605, being the most populous county in the nation. This area
encompasses geographically diverse regions ranging from hilly moun-
tains, deep valleys, ocean coastlines, forests, lakes, rivers, and barren
land. The primary mountain ranges are Santa Monica Mountains and
the San Gabriel Mountains in the southwestern and the southeastern
part of Los Angeles County, respectively. The Mojave Desert/barren land
begins at the northeastern part of the county and stretches westward.
The valleys are largely the population centers, and compose a large
percentage of the urban areas. The National Land Cover Database
(NLCD) 2006 (available at http://www.mrlc.gov/nlcd06_data.php) iden-
tified 8 land cover types in the study area, i.e., water, developed, barren,
forest, shrubland, herbaceous, planted/cultivated, and wetlands (Fig. 1).
This geographical diversity made it an ideal study area for the examina-
tion of LST variability.

Los Angeles possesses a Mediterranean climate with a dry sum-
mer and a moist winter. Precipitation typically comes in late fall,
winter, and spring. The average high temperature is 29 °C in August
and 20 °C in January based on the weather records from the
Downtown-University of Southern California campus. Temperature
experiences apparent change between the inland and coastal areas,
as elevation and the distance to the coast increase. Los Angeles
has a known problem in air quality, which is related to its UHI phe-
nomenon. According to the Heat Island Group (http://heatisland.
lbl.gov/), the heat island effect costs about US $100 million per
year in energy.

2.2. Data collection and preprocessing

The data used in the research were from the Thematic Mapper (TM)
sensor on board Landsat 5 during the period of February 3, 2000 to
December 31, 2010. TM data have six spectral bands with different
spatial resolution, i.e., 30-m resolution for bands 1–5 and 7, and 120-m
resolution for band 6 (TIR band). The level L1T product was downloaded
from the Landsat archive at the USGS Earth Resources Observation and
Science Center website. If the cloud cover within an image scene
exceeded 30%, then the images would not be selected for use. After the
image scenes were subset to the study area, the cloud percentage of
the study area for each image was re-calculated using the cloud identifi-
cation algorithmdeveloped in this study. At the end, a total of 115 scenes
available from the Landsat archive were utilized for the analysis. The

http://www.mrlc.gov/nlcd06_data.php
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Fig. 1. The study area Los Angeles County, California, USA. The background image shows land cover types derived from the NLCD 2006.
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mean acquisition time was 18:13 PM UTC (10:13 AM local time) with
the standard deviation of 6 min, indicating the images were recorded
at the time of temperature rapid increase. The monthly distribution of
image scenes is illustrated in Fig. 2. These scenes were also grouped by
season: winter (December–February: 24 scenes), spring (March–May:
24), summer (June–August: 31), and autumn (September–November:
36). To account for unequal distribution of available scenes throughout
a year –more scenes acquired during the summer and fall while fewer
scenes during the winter and spring months – additional modeling
were run to understand better the seasonality of LST variations. The
original images were first cropped into the study area and projected
to UTM coordinate system (UTM, Zone N 11) before subsequent
processing.
Fig. 2.Monthly distribution of image scenes used in
3. Methodology

3.1. LST computation

Sobrino, Jimenez-Munoz, and Paolini (2004) examined three differ-
ent single-channel methods for LST retrieval: the radiative transfer
equation (RTE) using in situ radiosounding data; themono-window al-
gorithm (Qin et al., 2001); and the single-channel algorithm (Jiménez-
Muñoz & Sobrino, 2003). The error sources that impact the accuracy
of LST estimation with the radiative transfer equation may come from
atmospheric correction, noise of the sensor, land surface emissivity,
aerosols and other gaseous absorbers, angular effects, wavelength un-
certainty, full-width half-maximumof the sensor, and band-pass effects
the annual temperature cycle (ATC) modeling.
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(Jiménez-Muñoz and Sobrino, 2006). In this research, LSTs were com-
puted using the radiative transfer equation method with corrections
for atmospheric effects and land surface emissivity. The atmospheric
correction parameters were obtained from the NASA Atmospheric
Correction Parameter Calculator (Barsi, Schott, Palluconi, & Hook,
2005). The calculator uses the National Centers for Environmental
Prediction (NCEP) modeled atmospheric global profiles interpolated to
a particular date, time, and location as input for theMODTRAN radiative
transfer code and a suite of integrative algorithm to infer theup-welling,
down-welling radiances and site-specific transmission. The following
expression is the description of RTE applied to the thermal infrared
(TIR) region (Sobrino et al., 2004):

Lsensor;λ ¼ ελBλ Tsð Þ þ 1−ελð ÞL↓atm;λ

h i
τλ þ L↑atm;λ ð1Þ

where Lsensor is the at-sensor radiance or Top of Atmosphere (TOA) radi-
ance, i.e., the radiance measured by the sensor. ελ is the land surface
emissivity, B(Ts) is the blackbody radiance given by the Planck's law
and Ts is the LST. Latm↓ is the down-welling atmospheric radiance, τ is
the total atmospheric transmissivity between the surface and the
sensor, and Latm

↑ is the upwelling atmospheric radiance. The parame-
ters Latm↑ , Latm↓ , τ can be calculated by using the NASA atmospheric cal-
culator based on the transfer codes of MODTRAN for each individual
scene. The remaining issue for the calculation is the estimation of
emissivity.

3.2. Estimation of land surface emissivity

The acquisition of land surface emissivity (LSE) is essential to apply
the RTE method to retrieval LST. Many previous studies utilized
classification-based data to derive LSE, in which each land cover type
was assigned an emissivity value (Snyder, Wan, Zhang, & Feng, 1998).
However, this method may not be effective, because the accuracy of
classification is subject to the influence of many factors (Lu and Weng,
2007), and therefore emissivitymeasurements cannot accurately repre-
sent various land covers coincident with the satellite overpass. This
study employed the simplified NDVI Thresholds Method—NDVITHM

to obtain the emissivity values based on the following conditions
(Sobrino et al., 2008):
(1) Water bodies were first identified based on the spectral charac-
teristics that water bodies had a low reflectance value in the in-
frared band and the NDVI value for water was less than zero
(Jensen, 1996). The effective emissivity for water was calculated
using the Kirchhoff's law, converting hemispherical reflectance
collected in the ASTER Spectral Library to surface emissivity
(Nicodemus, 1965);

(2) After the removal of water bodies, when NDVI b NDVImin,
a pixel was considered as bare soil and was assigned the
emissivity value of 0.97. However, this emissivity value was
assumed unsuitable for the urban areas. Therefore, the emis-
sivity data product from the ASTER Global Emissivity Database
3.0 (Hulley & Hook, 2009; Hulley, Hook, & Baldridge, 2008)
was utilized for the urban areas identified by the National
Land Cover Database 2006. The mean emissivity value of
bands 13 and 14 was selected for use to match the spectral
range of TM band 6. The original emissivity product was deliv-
ered in 1 degree by 1 degree tiles with geographic projection
(WGS84) at 100 m spatial resolution. It was later mosaicked
and resampled to 120 m using UTM projection system to
match the Landsat LST data.

(3) When NDVI N NDVImax, a pixel was regarded as a fully vege-
tated pixel, and was given the emissivity value of 0.99; and

(4) If NDVImin = bNDVI b =NDVImax, then a pixel was composed
by a mixture of bare soil and vegetation, and was assigned the
emissivity value according to the following empirical equation
developed by Sobrino et al. (2004):

ε ¼ 0:004Pv þ 0:986: ð2Þ

The Eq. (2)was only suitable for Landsat TMband6 and included the
terrain factor, as well as the variation of emissivity for soils. The param-
eter Pv, the vegetation fraction, was computed as (Carlson & Ripley,
1997):

Pv ¼
NDVI−NDVImin

NDVImax−NDVImin

� �2
ð3Þ

where NDVImax and NDVImin were obtained for vegetation and soil from
each image scene's histogram.

3.3. Atmospheric correction for reflective bands

The NDVI is expressed as the quotient between the sum and the
difference of infrared and red bands. The inherent characteristic of
NDVI makes it possible to obtain at-satellite NDVI value, referred to as
NDVITOA. However, because the accuracy of NDVI values has a significant
effect on the derivation of LSE data, it is crucial to atmospherically
corrected at-surface NDVI value, referred to as NDVIsurface. Most algo-
rithms for atmospheric correction require some in situ atmospheric
data (e.g., water vapor, aerosols, and ozone) as input, which is not feasi-
ble for this research. We therefore adopted the image-based atmo-
spheric correction method in order to obtain at-surface NDVI (Chavez,
1996). Eqs. (4), (5), and (6) described the procedure (Sobrino et al.,
2004):

ρ ¼
π Lsat−Lp
� �
τE0 cosθ

ð4Þ

where ρ is the surface reflectance, Lsat is the at-satellite radiance, τ is the
atmospheric transmissivity, θ is the sun zenith elevation, E0 is exo-
atmospheric solar irradiance, d is the Earth–Sun distance in astronomi-
cal unit, and Lp is the path radiance, which can be obtained by:

Lp ¼ Lmin−Limage: ð5Þ

The Lmin is the radiance corresponding to the digital count for which
the sum of all pixels is lower than or equal to 0.01% of the sum of all
pixels in the image, and Limage is a statistical value given by

Limage ¼
0:01τE0 cosθ

πd2
ð6Þ

with the τ value of 0.85 and 0.91 for bands TM3 and TM4, respectively
(Chavez, 1996).

3.4. Annual temperature cycle modeling

For a given date and latitude, the amount of solar radiation received
by the Earth is controlled by the eccentricity of the orbit and the orien-
tation of the Earth's axis of rotation on the ecliptic (Laskar, Joutel, &
Boudin, 1993). The annual cycle of the LST measurements is part of
the fluctuation that is attributed to the Earth's changing position over
the course of the year, which arouses the annual cycle of insolation
(Thomson, 1995). Extensive documents have emphasized the ampli-
tude and phase characteristics of the annual temperature cycle, and
have attempted to unfold the factors that drive these changes (Eliseev
& Mokhov, 2003; Huang, Cho, & North, 1996; Stine, Huybers, & Fung,
2009; Thomson, 1995). Bechtel (2012) utilized a sine function to char-
acterize the annual cycle of LST, assuming that the dominant frequency
is per cycle one tropical year. The basic idea of the annual temperature



Fig. 3. The observed LST and fitted annual mean temperature (Panel A) and the residuals of the model (Panel B) for a selected barren land pixel.
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cycle (ATC) modeling is to divide each LST measurement into a long-
term average LST (at the acquisition time and for largely cloud free
conditions) and a specific-day anomaly — residuals (Bechtel, 2012).
This method was adopted in our study to analyze the time series of
LSTs between 2000 and 2010. The ATCmodel can be defined as follows:

LST dð Þ ¼ MAST þ YAST sin 2dπ=365þ θð Þ ð7Þ

where MAST is the mean annual value of LST, YAST is the yearly ampli-
tude of LST, d is the day relative to the spring equinox, and θ is the
phase shift relative to the equinox. These annual parameters are only
effective if remotely sensed LST measurements are cyclic-stationary
(Huang et al., 1996), i.e., there are no underlying trends of change with-
in the three parameters except for the periodic variation over the study
period. Since the time period selected for this study is 10 years only, it
may not be long enough to allow identifying any change trend in the
climate. We thus assumed that the LSTs were cyclic-stationary. Such
LST data series, annually periodic, can thus be decomposed into a Fourier
series approximated with a constant term plus a single periodic function
while neglecting the further terms of the series. The three parameters
were determined by an unconstrained non-linear optimization method
using the Levenberg–Marquardt minimization scheme (Gottsche &
Olesen, 2001).
3.5. Monthly median composite analysis

Considering the intrinsic characteristics of the ATC model, it should
be expected that parameters (MAST and YAST) are related to perma-
nent surface cover and soil conditions. To demonstrate this relationship,
we created amonthlymedian composite of LST data using all subset 115
images over 10 years. These images were firstly grouped bymonth, and



Fig. 4. The median monthly temperature and the fitted ATC model.
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then 12 monthly median images were derived and fitted with the ATC
model.

Biophysical descriptors, such as NDVI, normalized difference water
index (NDWI), and normalized difference built-up index (NDBI) have
been employed to represent land surface conditions (McFeeters, 1996;
Yang, Pu, Zhao, Huang, & Wang, 2011; Zha, Gao, & Ni, 2003), and have
been used to explain LST spatial variations (Carlson, Gillies, & Perry,
1994; Carlson & Ripley, 1997; Kaufmann et al., 2003; Weng, Lu, &
Liang, 2006; Weng et al., 2004; Yang et al., 2011; Yuan & Bauer, 2007).
The relationship between LST and NDVI has been related to evapotrans-
piration and soil moisture condition (Carlson, 2007; Carlson & Ripley,
1997; Carlson & Sanchez-Azofeifa, 1999; Gillies, Carlson, Cui, Kustas, &
Humes, 1997; Jiang & Islam, 1999; Petropoulos, Carlson, & Wooster,
2009). NDWI, as a surface wetness index, was developed to depict the
presence of open water in remotely sensed images and to eliminate
the presence of soil and terrestrial vegetation features (McFeeters,
1996). In addition to open water features, Gao (1996) suggested that
NDWI can also be used as an indicator of vegetation liquid water, and
as the supplement for NDVI. Compared with NDVI and NDWI, NDBI
was found to be less influenced by the seasonal change (Yang et al.,
2011). To explore the possible correlation between the residuals of
modeling and the surface conditions, NDVI, NDWI and NDBI were com-
puted in this study. These normalized indices were defined as follows
for the TM sensor:

NDWI ¼ ρTM2−ρTM4

ρTM2 þ ρTM4
ð8Þ

NDWI ¼ ρTM4−ρTM3

ρTM4 þ ρTM3
ð9Þ

NDBI ¼ DTM5−ρTM4

DTM5 þ ρTM4
ð10Þ

where ρ is the surface reflectance value, and D represents the digital
value. The subscripts in the equations are the TM band numbers. It
should be noted that the calculation of NDBI was different from the
other two indices since initially NDBI was proposed to combine with
NDVI for mapping of built-up areas (Zha et al., 2003). To ease the com-
parison of these biophysical descriptors with derived ATC parameters,
we computed the 10-year mean values of the three normalized indices.
Finally, multiple regression analysis was performed to explore the
relationship between the two parameters – MAST and YAST – with
NDVI, NDWI and NDBI.

4. Results

4.1. Annual and seasonal temperature dynamics

Three parameters of the annual cycle, i.e., MAST, YAST, and the phase
shift (theta) were optimized from LST measurements of the subset 115
images. It should be noted that initial cloud cover of less than 30% was
used for acquisition of image scenes, but cloud cover was found to
cover up to 65% of the study area. Fig. 3 illustrates LST observations
from the remotely sensed data and the ATC fitted LST for a chosen
pixel in the barren land area, with the residuals in Panel B. These devia-
tions may be attributed to clouds (for pixels with difference between
measured and modeled values greater than 30 K, they are certainly
cloudy pixels), as the barren land area usually observed a relatively sta-
ble meteorological, surface and soil conditions. The overall RMSE of the
model optimization yielded 7.36 K. Although the fitted LST provided a
good approximation of the original fluctuations, some exceptionally
high deviations can still be observed.

Further, for eachmonth, we extracted amedian LST image, based on
pixel-by-pixel comparison of LST values, and then applied ATCmodel to
the resulted 12 images. Fig. 4 shows the ATC fitted LST for the median
monthly temperatures over the ten year period. As evident in thefigure,
themedianmonthly temperature fluctuation approximated a sine func-
tion (assuming the spring equinox as the starting point). The tempera-
ture began to increase from January, reached its highest in July, and then
declined. The observed LSTs had a longer time period with temperature
above the mean annual surface temperature than the modeled LSTs.
Therewere two periods of time, from February to April and fromAugust
to November, when LST observations were underestimated by the
model. During the remaining months, LSTs were overestimated. The
ATC model yielded a RMSE of 2.85 K, a lower RMSE than that for all
115 scenes, implying that cloud cover and/or short-term synoptic
conditions had exerted a great influence on the ATC modeling process.
The median monthly temperatures partially removed day-specific
anomalies, approximating the long-term climatology of the study
area (i.e., LSTs largely under clear sky conditions).

Fig. 5 shows the result of mapping the three parameters. The statis-
tics should be used with caution since possible land use and land cover
(LULC) changes due to urbanization orwildfire between 2000 and 2010
may not be captured by the NLCD data. As such, the maximum and



Fig. 5.Mean annual surface temperature (Panel A), yearly amplitude surface temperature (Panel B) in Kelvin, and the phase shift (Panel C) derived from the ATC model.
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minimum values by land cover might not exactly match with specific
land cover type. Generally, the spatial pattern of MAST corresponded
well to the distribution of LULC (in terms of mean value of MAST by
land cover), i.e., barren land and developed areas had a relatively higher
MAST than forest. Table 1 shows the statistics ofMAST and YAST by land
cover, which confirms our observation. The LULC–LST correspondence



Table 1
The statistics of mean annual surface temperature (MAST) and yearly amplitude surface
temperature (YAST) by land cover.

Min Max Mean STD

MAST Water 287.32 306.06 289.17 2.02
Developed 270.54 314.78 305.62 3.04
Barren 276.88 313.74 306.57 3.05
Forest 276.64 307.32 293.25 3.96
Shrubland 277.13 311.46 300.78 5.05
Herbaceous 285.59 314.54 304.22 3.35
Planted/cultivated 295.10 311.31 305.70 3.28
Wetlands 287.96 309.45 298.74 4.26

YAST Water 2.80 8.36 3.56 2.08
Developed 6.02 23.85 12.46 3.35
Barren 3.24 23.87 20.40 2.22
Forest 4.73 23.72 13.97 2.66
Shrubland 6.32 24.37 15.56 4.29
Herbaceous 5.78 24.20 18.24 3.42
Planted/cultivated 9.19 23.86 19.42 2.94
Wetlands 3.23 21.67 12.73 3.76
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was in agreement with many previous studies that LST variations were
closely associated with LULC characteristics, especially the percent
impervious areas and vegetation abundance (Imhoff, Zhang, Wolfe, &
Bounoua, 2010; Weng, Rajasekar, & Hu, 2011; Xian & Crane, 2006).
The urban heat islands can be clearly delineated based on theMAST pat-
tern, as they contrasted with the surrounding areas, in particular, with
the forest areas. The temperature in some parts of urban areas, such as
roads and business centers, was as high as the barren land in the
north (about 310 K). Urban areas may be expected to have lower tem-
peratures than barren lands, or deserts, due to the plantation of trees
and grass in the process of urbanization (Lazzarini, Marpu, & Ghedira,
2013). Based on the surface energy balance theory, UHI ismainly caused
by increased impervious surface area, changes in natural land covers,
and anthropogenic heat discharge due to energy consumption (Kato
and Yamaguchi, 2005).

The YAST defines the average temperature oscillation throughout
the 10 years. From Fig. 5(B), we can see a slightly gradual increase in
YAST northward. As this parameter manifested the stability of mean
annual temperature, greater values indicated larger shifts from the
mean. Apparently, barren, herbaceous, planted/cultivated and shrub
lands possessed relatively higher YAST values than the urban areas in
terms of the mean value by land cover. Water bodies exhibited the
minimum mean YAST value. Low mean values were also detected in
wetlands and forest. Although the developed land displayed a relatively
low mean YAST, the maximum value of YAST in the developed land
reached about the same level as the barren land.

The phase shift can be regarded as the heat lag, or the capacity to
resist from rising up temperature. The greater the absolute value of the
phase shift, the greater the capacity a land cover would have. Clearly,
urban and barren land areas possessed lower capacity to resist the tem-
perature increase than the vegetated areas. Water exhibited the highest
capacity due to its high specific heat. When heating, the temperature of
the urban materials tended to increase quickly.

Fig. 6 shows the mean LST in four seasons, spring (March–May),
summer (June–August), autumn (September–November), and winter
(December–February). In both spring and autumn, developed and
barren lands showed a similar temperature of 310 K. However, there
were somedifferences in LST inmountainous vegetated areas as a result
of varying growth conditions, plant species and vegetation abundance.
In summer, a slightly higher temperature was detected in the barren
land with respect to the urban areas: in this latter, the sea proximity
and the higher presence of vegetated areas mitigated the temperature.
In contrast, in winter, urban areas showed a higher temperature of
5–15 K than barren land areas, implying that urban materials held a
larger amount of heat and for a longer time than the barren land. The
difference may also reflect the large amount of energy consumption
by human activities that offset the decrease of solar radiation in winter.
4.2. Sensitivity analysis of ATC modeling to image cloud coverage

To address the effect of cloud cover on the derivation of the three LST
parameters, a simple masking method was developed based on the
results of ATC modeling. Cloud-contaminated pixels usually appeared
as cold spots as compared with pixels under the cloud free condition.
Therefore, the difference between modeled LST and satellite derived
LST can be utilized for isolation of clouds. Examples of cloud identifica-
tion results are shown in Fig. 7. Extensive tests suggested that a thresh-
old of 8 K was proper to isolate cloud contaminated pixels. A cloud
detection analysis in the dataset determined 57 images with a variable
percentage of cloud cover (assigned to a group A), while 58 images
were identified as cloud-free (assigned to a group B). For further analy-
sis, cloudy images were grouped into 10 classes based on their cloud
cover percentage. A detailed list of the image groups can be seen from
Table 2. The ATC modeling was run for the combination of each cloud
group with the clear-sky images (i.e., Group B). Table 2 shows the
results of all modeling runs, including the three parameters of MAST,
YAST, and Theta. The last column, “difference”, was generated to show
the differences in the three parameters between Group B and each
group combination (the first column).

Overall, the inclusion of cloudy images in the modeling procedure
resulted in the decrease in MAST but the increase in the phase shift.
YAST did not show a consistent decrease or increase trend. Exceptions
were observed in the combinations of Group 2, Group 3, Group 8, and
Group 10 with Group B. Since the percentage of cloud cover and the
number of cloudy images were not the control parameters in the
modeling, it was possible for a scenario (i.e., group combination) with
high percentage of cloud cover to generate a high MAST value. For
example, MAST in the scenario Group 10 + B yielded about 2 K higher
than that of Group 8 + B. The largest decrease in MAST reached 0.90 K
in the scenario Group 8 + B, while the smallest decrement was found
to be 0.18 with the scenario Group 10 + B. In spite of the same number
of cloudy image in themodeling, the scenario Group 9 + B generated a
greater MAST decrease. This difference may be explained by the cloud
percentage and the locations of clouds in the image. For Group 9, a
large proportion of clouds were found above the barren/desert areas,
whereas clouds in Group 10 were largely detected above the southern
part of the study area. Despite of being an indefinite change trend in
YAST, the difference in the absolute value of YAST did not exceed
0.5 K. Compared to the other two parameters, the phase shift parameter
(Theta) was more easily influenced by cloudy conditions. During the
modeling with Group A + B, we found that the inclusion of cloudy
images brought about a decrease of 2 K in MAST, an increase of 0.15
in YAST, and a slight increase of 0.03 in Theta.

4.3. Regression analysis result

Multiple regression analysis was performed to explore the relation-
ship between the two parameters (i.e., MAST and YAST) with three in-
dices (i.e., NDVI, NDWI andNDBI) using all the clear-sky images. Table 3
showed correlation coefficients and the regression results (R square and
RootMean Square Error) for each parameter. Correlation coefficient be-
tween MAST and aNDVI (10-year mean of NDVI value) was approxi-
mately −0.5. The regression result indicates that aNDVI can explain
about 25% in the spatial variations of MAST, but only 5% in YAST.
The highest correlation (0.80) was observed between aNDBI (10-year
mean of NDBI value) and MAST, suggesting that barren land and
urban areas were the main factors influencing the variation of MAST.
Furthermore, aNDBI was also found as the main factor explaining the
spatial variations of YAST. The combination of aNDBI and aNDVI yielded
the highest R square value (0.63) for regressing MAST, which not only
indicates that the factors of land cover and soil conditions prevailed in
the MAST variation, but also implies that the spatial variations of
MAST should be accounted for by other physiographic variables, such
as elevation and solar irradiation. In general, aNDWI (10-year mean of



Fig. 6. Seasonal mean LST (in Kelvin) between 2000 and 2010.
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NDWI value) had a weak correlation and thus a very small explanatory
power for MAST and YAST. The inclusion of aNDWI in the regression
model cannot explain more in the spatial variability of MAST and that
of YAST. For the regression analysis of MAST with all the predictors, a
lower R2 value was observed for YAST than for MAST. This finding
implies that there existed a more complex pattern in YAST and its



Fig. 7. Image on February 19th, 2000 (top) and October 11th, 2004 (bottom). The cloud percentage is 47.48% (top) and 0.36% (bottom), respectively. Clouded areas are colored red in top
right and lower right panels. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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dynamics over the 10 year period. Future researches should be conducted
to assess howMAST and YAST change over space and time and how they
respond to surface conditions.

5. Discussions and conclusions

The study employed an ATCmodel to analyze the temporal variation
of LSTs, which were derived from time series of Landsat TIR data in Los
Angeles from 2000 to 2010. The LST data series was decomposed into a
modified Fourier series, which allowed dividing each LST measurement
into a long-term LST climatology (for largely cloud free conditions) and
a day-specific anomaly, which can be explained by the residuals. The
three parameters: MAST, YAST, and the phase shift, were then opti-
mized using the Levenberg–Marquardt minimization scheme. The
MAST, as a key parameter of land surface climatology, indicates that
the mean temperature of the urban areas reached as high as that in



Table 2
The mean value of the three parameters within the cloud areas and the comparison of the three parameters between the clear sky and cloudy conditions.

Group combination Number of scenes Cloud percentage MAST YAST Theta Difference

Group 1 + Group B 30 + 58 0–5% 302.12 13.35 −0.46 0.51/0.07/−0.85
Group 2 + Group B 8 + 58 5%–10% 302.08 14.73 −0.48 0.75/−0.40/−0.75
Group 3 + Group B 2 + 58 10%–15% 301.78 9.57 −0.42 0.56/−0.49/−0.98
Group 4 + Group B 3 + 58 15%–20% 303.45 13.46 −0.50 0.66/0.12/−0.58
Group 5 + Group B 3 + 58 20%–25% 303.67 14.31 −0.52 0.78/0.45/0.28
Group 6 + Group B 4 + 58 25%–30% 303.54 15.48 −0.45 0.69/0.40/−0.20
Group 7+ Group B 2 + 58 35%–40% 303.21 13.63 −0.51 0.54/0.23/−0.17
Group 8 + Group B 2 + 58 45%–50% 302.14 15.90 −0.47 0.90/−0.23/−0.12
Group 9 + Group B 1 + 58 50%–55% 303.39 16.62 −0.49 0.70/0.34/0.32
Group 10 + Group B 1 + 58 60%–65% 303.16 15.64 −0.45 0.18/−0.31/−0.30
Group A + Group B 57 + 58 0–65% 301.15 14.34 −0.45 2.05/−0.15/−0.03
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the barren land/desert area in the northern part of the study area. The
YAST defined the average oscillation in LST throughout the 10 years,
which, spatially, showed a gradual increase from south to north. The
barren land and forest land possessed a relatively higher YAST than
the urban areas, reaching 20 K and 15 K, respectively. It is speculated
that the urban areas detected a less oscillation due partially to human
modulation of energy use for air-conditioning in different seasons. The
phase shift related to the capacity of land covers/surface materials to
resist solar irradiation from warming up. Apparently, urban and barren
land areas possessed lower capacity to resist from the increase of tem-
perature than the vegetated areas. This parameter explained partially
the temperature gradient from the urban core to the suburban and rural
areas.

The sensitivity analysis of the ATC model disclosed that the ATC
model was capable of deriving MAST, YAST, and Theta parameters
even with limited cloud-contaminated pixels. The separation of all the
subset 115 images into the groups of different cloud percentages
made it possible to evaluate the impact of cloud contaminated pixels
on the derived parameters. The inclusion of cloudy images brought
about a decrease in MAST ranging from 0.18 to 2.0 K. Although the de-
rived ATC parameters were subject to the influence of the percentage of
cloud cover and the number of cloudy scenes used for themodeling, the
accuracy of derived parameterswas allwithin 2 K (GroupA + Group B).
This finding suggests that the use of ATC model provides a promising
means to develop new methods to model LSTs under limited cloudy
skies. The regression analysis demonstrated that NDBI and NDVI were
the main factors influencing the spatial variations of MAST and YAST
with the R2 value of 0.62, but the spatial variation of YAST was more
complex than MAST.

An assumption we made for the analysis was the LST data series
being cyclic-stationary over the decade. However, the real variation of
LST over the time may not be a perfect sinusoidal function. Indeed, the
variation was a complicated mixture of such variables as atmospheric
circulation, vegetation, soil moisture, land cover, elevation, and human
disturbances. For example, any urbanization process or wildfire between
2000 and 2010 may affect the land cover and hence the variation of
Table 3
Correlation and regression between LST and the normalized indices.

MAST YAST

R2 RMSE Correlation R2 RMSE Correlation

aNDVI 0.25 5.04 −0.48 0.05 4.76 −0.20
aNDBI 0.61 3.48 0.80 0.46 3.29 0.69
aNDWI 0.08 5.30 0.25 0.02 5.05 −0.15
aNDVI, aDNBI 0.63 3.45 0.49 3.57
aNDVI, aNDWI, aNDBI 0.62 3.54 0.53 3.48

Note: All the clear-sky images were used for the computation.
*P value b 0.01.
LST. The ATC model identified only the periodic variation of LST pattern,
which may be regarded as being dominated by the land surface
climatology. However, there is no method available for determining
the significance of the periodic variation, i.e., the probability of the
variation controlled by the LST climatology. One way to address the is-
sues is to utilize the spectral analysis to test the probability of being
cyclic-stationary for LST data and to analyze the climate variation with
the ground-measured climate data. The regression analysis demon-
strated that the residuals greater than 1 K in barren land and the forest
land can be attributed to the variations in NDVI and NDBI. One may
expect that it is possible to fit the LST residuals with a higher angular
frequency. For example, it may be interesting to analyze the LST resid-
uals using the Harmonic Analysis of Time Series (HANTS) algorithm,
which designed to reconstruct the atmospheric contaminated NDVI
values and employ three harmonic functions to iteratively fit the NDVI
composites (Roerink, Menenti, & Verhoef, 2000). New methods and
techniques to analyze andmodel time-series LST data are highly sought.
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