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Land surface temperature is a key parameter for monitoring urban heat islands, assessing heat related
risks, and estimating building energy consumption. These environmental issues are characterized by high
temporal variability. A possible solution from the remote sensing perspective is to utilize geostationary
satellites images, for instance, images from Geostationary Operational Environmental System (GOES) and
Meteosat Second Generation (MSG). These satellite systems, however, with coarse spatial but high
temporal resolution (sub-hourly imagery at 3–10 km resolution), often limit their usage to meteorolog-
ical forecasting and global climate modeling. Therefore, how to develop efficient and effective methods to
disaggregate these coarse resolution images to a proper scale suitable for regional and local studies need
be explored. In this study, we propose a least square support vector machine (LSSVM) method to achieve
the goal of downscaling of GOES image data to half-hourly 1-km LSTs by fusing it with MODIS data prod-
ucts and Shuttle Radar Topography Mission (SRTM) digital elevation data. The result of downscaling sug-
gests that the proposed method successfully disaggregated GOES images to half-hourly 1-km LSTs with
accuracy of approximately 2.5 K when validated against with MODIS LSTs at the same over-passing time.
The synthetic LST datasets were further explored for monitoring of surface urban heat island (UHI) in the
Los Angeles region by extracting key diurnal temperature cycle (DTC) parameters. It is found that the
datasets and DTC derived parameters were more suitable for monitoring of daytime- other than
nighttime-UHI. With the downscaled GOES 1-km LSTs, the diurnal temperature variations can well be
characterized. An accuracy of about 2.5 K was achieved in terms of the fitted results at both 1 km and
5 km resolutions.
� 2014 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier

B.V. All rights reserved.
1. Introduction

Land surface temperature (LST) is a key parameter for investi-
gating surface energy budget (Oke et al., 1992; Friedl, 2002), exam-
ining surface urban heat island (SUHI) (Oke, 1982; Streutker, 2003;
Weng et al., 2004), and assessing heat-related risks and vulnerabil-
ity in cities (Harlan et al., 2006; Lafortezza et al., 2009; Buscail
et al., 2012). Since these environmental and health issues are char-
acterized by both high spatial and temporal variability, thermal
infrared (TIR) data from the existing satellite sensors are not able
to characterize effectively these phenomena. Due to technical con-
straints, the existing sensing systems reflect a tradeoff between
temporal and spatial resolution such that the systems with
high-spatial resolution possess low-temporal resolution, or vice
versa. Currently, no single satellite system can provide TIR data
of global coverage that combines both high spatial and temporal
resolutions. For a list of major current satellite TIR imaging sys-
tems, please refer to Tomlinson et al. (2011). TIR data derived from
polar-orbiting satellites possess high to medium spatial resolution
but are out-balanced by their long revisit cycles. Geostationary
satellites, on the other hand, allow for monitoring of the diurnal
cycle of LST because they can scan the Earth’s surface in tens of
minutes. However, their coarse spatial resolution (usually in the
range of 3–5 km) cannot adequately differentiate land cover
features. These satellites, therefore, cannot be used to analyze
UHI patterns and dynamics and heat-related health risks at the
urban neighborhood or community scale. It is highly desirable to
explore effective ways to sharpen TIR data and to combine differ-
ent types of TIR data to generate LSTs at both high temporal and
spatial resolutions.

http://crossmark.crossref.org/dialog/?doi=10.1016/j.isprsjprs.2014.08.009&domain=pdf
http://dx.doi.org/10.1016/j.isprsjprs.2014.08.009
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http://www.sciencedirect.com/science/journal/09242716
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Existing thermal sharpening techniques basically fall into two
categories: spatial and temporal thermal sharpening (Weng et al.,
2014). While the spatial sharpening techniques aim at downscaling
radiometric surface temperature of a sensor to higher resolutions
typically associated with its shorter wavebands (visible and near-
infrared) (Guo and Moore, 1998; Kustas et al., 2003; Pu et al.,
2006), the temporal sharpening techniques are developed to
downscale TIR data from a coarser spatial-resolution but higher
temporal-resolution sensor (typically associate with Geostationary
satellites) to generate highly temporally resolved LSTs (Gottsche
and Olesen 2001; Inamdar et al., 2008; Inamdar and French
2009, Bechtel et al., 2012, Zakšek and Oštir 2012). A classical way
for spatial sharpening is to utilize the inverse relationship between
LST and NDVI (Kustas et al., 2003; Merlin et al., 2010; Jeganathan
et al., 2011). Based on this relationship, Inamdar et al. (2008) and
Inamdar and French (2009) employed the MODIS TIR data as a
calibration source for GOES TIR data, and further blended the data
from the two sensors to generate half-hourly LSTs at 1 km
resolution, yielding an accuracy of 2 K. This type of synthetic LST
dataset should be very useful for UHI studies, since Rajasekar
and Weng (2009) demonstrated that the 1 km MODIS dataset
was capable of deriving the UHI intensity, extent, and orientation
parameters in Indianapolis by virtue of a non-parametric Gaussian
process model. However, it should be noted that LST is a function
of many factors, including vegetation abundance and vigor, soil
moisture, land cover, topography, and meteorological conditions.
Consequently, using NDVI as the only explanatory factor for the
spatial and temporal patterns of LST may pose some major
problems. More sophisticated models have to be developed by
incorporating all key LST associated parameters in the downscaling
process.

LSTs derived from geostationary satellites provide a valuable
data source for examining thermal spatial landscape patterns and
temporal dynamics. Diurnal cycle of LST retrievable from geosta-
tionary satellites constitute an important parameter of the Earth’s
climate system, and the diurnal temperature range (DTR) has been
regarded as a meaningful indicator for climate change (Karl et al.,
1984; Sun et al., 2006). The diurnal variations of LST are associated
with insolation, wind and surface conditions, including land cover,
soil moisture, and surface structure (Gottsche and Olesen, 2001).
Analyses of diurnal temperature cycle (DTC) by individual land
covers have been hampered by the lack of data at appropriate res-
olutions. Zakšek and Oštir (2012) thus enhanced the spatial resolu-
tion of Spinning Enhanced Visible and Infrared Imager (SEVIRI)
LSTs over the European region to 1 km resolution using MODIS
NDVI, EVI, albedo, emissivity, Corine land cover and elevation as
the auxiliary data. Keramitsoglou et al. (2013) developed a method
that coupled support vector machine with gradient boosting for
downscaling SEVIRI LSTs with MODIS dataset, land cover and dig-
ital elevation model as auxiliary data. Although these previous
studies have successfully downscaled geostationary TIR data, a
detailed analysis of temporal variability of the disaggregated LST
data is still lacking. In fact, the multi-temporal characteristic of
the geostationary satellites should be an important consideration
for the downscaling studies, and such an analysis will undoubtedly
facilitate the assessment of the downscaling processes. In this
paper, a new method is developed to generate 1-km LST dada by
fusing MODIS and GOES datasets. Specific objectives are to explore
an efficient and effective way for disaggregating GOES TIR dataset
and to analyze the diurnal characteristic of LST in Los Angeles.
Least-squares support vector machines is used because of its
effectiveness in terms of noise reduction, computation efficiency
and accuracy in data generation and fusion (Zheng et al., 2008;
Shi et al., 2009). Los Angeles is selected as the study area because
this region consists of highly diverse urban fabrics, mix of natural
and introduced vegetation, and varying environmental conditions.
2. Study area and data

2.1. Study area

The study area is the Los Angeles (L.A.) County, except for two
offshore islands, the Santa Catalina Island and the San Clemente
Island (Fig. 1). According to the U.S. census in 2010, it has a popu-
lation of approximately 10 million, making it the most populous
county in the U.S.A. The selected area encompasses geographically
diverse land features, ranging from hilly mountains, deep valleys,
ocean coastlines, forests, lakes, rivers, brushland and barren land.
The primary mountain ranges within the region are Santa Monica
Mountains and the San Gabriel Mountains in the southwestern and
southeastern parts, respectively. The Mojave Desert begins at the
northeastern part of the County and stretches westward. The
valleys are largely the population centers, and compose a large per-
centage of the urban areas. With an average annual precipitation of
15 in., L.A. County possesses a semi-arid Mediterranean climate
with a dry summer and a moist winter. The average high temper-
ature 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 phenomenon. 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. GOES imagery data

The GOES system, operated by the United States National Envi-
ronmental Satellite, Data, and Information Service (NESDIS), con-
tinuously scans the continental United States, neighboring
environs of the Pacific and Atlantic Oceans, and Central, South
America and southern Canada. Currently, the GOES satellites in
operation are GOES-12, GOES-13, GOES-14, and GOES-15, located
in 60�W, 75�W, 90�W and 135�W, respectively. For the present
study, the GOES imagery acquired on January 12, May 12, August
15, and October 15, 2005 (48 images per day) delivered by the
GOES-10 Imager was used since they represented downscaling
effectiveness in different seasons.

The GOES-10 Imager possesses 5 spectral bands, one visible
band at 0.55–0.75 lm, and four infrared bands at 3.8–4 lm, 6.5–
7 lm, 10.2–11.2 lm, and 11.5–12.5 lm, respectively. The image
data were downloaded through the Comprehensive Large Array-
data Stewardship System (CLASS) (http://www.class.ngdc.noaa.
gov). During the data pre-processing, the GOES Variable Format
counts packaged in Network Common Data Format (netCDF) were
first converted to brightness temperature (Weinreb et al., 1997).
Specific calibration coefficients for the GOES-10 Imager can
be found from the NOAA Satellite and Information Service
website (http://www.oso.noaa.gov/goes/goes-calibration/gvar-
conversion.htm).
2.3. Auxiliary data

Since LST is strongly influenced by such parameters as solar
irradiation, albedo, topography, thermal inertia, and vegetation
cover (Weng et al., 2004; Carlson, 2007; Dominguez et al., 2011;
Van De Kerchove et al., 2013), this section describes the auxiliary
data employed for the downscaling purpose. Both Normalized
Difference Vegetation Index (NDVI) and Enhanced Vegetation
index (EVI) were utilized in the downscaling scheme. To eliminate
the effect caused by clouds, the 16-day composite MODIS
vegetation indices (MOD13) at 1 km resolution were adopted.

http://heatisland.lbl.gov/
http://www.class.ngdc.noaa.gov
http://www.class.ngdc.noaa.gov
http://www.oso.noaa.gov/goes/goes-calibration/gvar-conversion.htm
http://www.oso.noaa.gov/goes/goes-calibration/gvar-conversion.htm


Fig. 1. The study area: Los Angeles County, California, U.S.A. Eight land covers were identified in the National Land Cover Database (2006), including: water, developed area,
barren land, forest, shrubland, herbaceous, planted/cultivated, and wetland. Sites A and B, two polygons, both 5 km ⁄ 5 km, were selected for the purpose of diurnal
temperature modeling.
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Another kind of auxiliary data used was land surface albedo. The
8-day composite albedo product (MCD43) from the Terra MODIS
measurements was obtained from the Land Processes Distributed
Archive Center (LPDAC). The product offered white and black sky
albedos in visible, near-infrared, and shortwave bands. The last
MODIS data product acquired for use was emissivity, an indicator
of the relative capability of land surfaces to emit energy by virtue
of radiation. The 8-day average emissivity data was used for two
purposes: one for the downscaling procedure, and the other for
deriving LST from GOES brightness temperatures, which will be
discussed in the next section. In addition, Shuttle Radar Topogra-
phy Mission (SRTM) digital elevation data was used to aid the
downscaling. All the auxiliary datasets were re-projected to the
WGS84 UTM coordinate system and resampled with the bilinear
interpolation method.
3. Methodology

3.1. Derivation of LST for GOES imagery

Inamdar et al. (2008) developed a procedure to fuse GOES and
MODIS LST data that we adapted for this study. Both MODIS LST
and emissivity data were first aggregated for every block of 5 by
5 pixels. Cloud-cleared GOES pixels were collocated with the
aggregated 5-km MODIS pixels, yielding for each matched domain,
a set of GOES brightness temperatures in the TIR channels of 11 lm
(T11) and 12 lm (T12) together with the MODIS LST and surface
emissivities, e11 and e12, in MODIS bands 31 (11 lm) and 32
(12 lm), respectively, with all parameters aggregated to the 5 km
domain. Each area sampled by GOES was under a MODIS overpass
at least once every day. When accumulated over a period of a
month, a sufficiently large sample of matched data pairs to repre-
sent the entire domain can be obtained, so as to ‘‘calibrate’’ the
GOES brightness temperatures in terms of MODIS-measured LST
through the use of a split window scheme, which was then applied
to all unmatched cloud-free GOES pixels. The results were half-
hourly LST values at 5-km spatial resolution for the entire domain.
The split window scheme (Wan and Dozier, 1996) was applied to
the GOES TIR channels 4 and 5 to compute LST (Ts) as:

Ts ¼ a0 þ ða1 þ a2e1 þ a3e2ÞT1 þ ða1 þ a4e3 þ a5e4ÞT2 ð1Þ

where

e1 ¼
1� ðe4 þ e5Þ=2
ðe4 þ e5Þ=2

e2 ¼
e4 � e5

½ðe4 þ e5Þ=2�2

T1 ¼ ðT4 þ T5Þ=2

T2 ¼ ðT4 � T5Þ=2

And e4 and e5 are emissivity values of Channel 4 and 5; T4 and T5

brightness temperature values for Channel 4 and 5. Because emis-
sivity data were not available from GOES imagery, MODIS 1-km
emissivity data was up-scaled for use to match with the clear-
sky GOES pixels that had the same overpass time as MODIS. For
this study, we found that the 8-day mean emissivity values can
well satisfy the requirement for the data fusion. The original
split window algorithm employed angle-dependent regression
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coefficients, which changed substantially when the angle was lar-
ger than 60� (Wan and Dozier, 1996). This study did not consider
the angle-dependency since all the data were within a small
viewing angle of less than 30�. Small angles tended not to produce
significant LST biases (Wan and Dozier, 1996). A validation proce-
dure comparing LST values up-scaled from MODIS 1-km daily LST
measurements with the derived GOES LSTs at the same overpass
time indicated that the accuracy of LST derivation from GOES-10
data was 1.8 K (RMSE) with negligible bias.

An important step before the implementation of the split win-
dow scheme was cloud screening for GOES pixels. An effective
way for identifying cloud contaminated pixels is the Bispectral
Threshold and Height (BTH) method (Jedlovec and Laws, 2003),
developed at the Global Hydrology and Climate Center. The key
to cloud detection in BTH was that emissivity values between
10.7 lm and 3.9 lm of clouds differed from those of land surfaces
and oceans so that differences in brightness temperature can be
used to differentiate those cloud-contaminated pixels from
clear-sky pixels. Half-hourly GOES multi-channel brightness
temperatures were first pre-processed. The channels 2
(3.8–4 lm) and 4 (10.2–11.2 lm) were used to produce tempera-
ture-difference images, i.e., longwave subtracted by shortwave
(channel 4–channel 2). Both the positive differences at nighttime
and the negative difference at daytime were preserved in the dif-
ference images. Then, two composite images with values closest
to zero from the preceding 20 days were created. Additional pre-
ceding-20-day composite image was generated for each half-hour
using the warmest longwave (10.7 mm) brightness temperature
for each location (pixel). This composite image was assumed to
represent a warm cloud-free thermal image for each time period.
These created images were subject to the tests of adjacent pixel,
dimensional spatial variability, minimum difference, and IR thresh-
old (Jedlovec and Laws, 2003), resulting in discrimination of cloud
contaminated pixels by using information from local and global
spatial and temporal variations.

3.2. Disaggregation of LST to 1-km resolution

Given the complex relationship between LSTs and the auxiliary
datasets, simple regression models (e.g., linear regression) may not
be able to reveal the causes of the spatial variations in LST. Support
vector machines (SVMs), benefiting from the machine learning
process such as structural risk minimization, are particular useful
in the field of remote sensing due to its ability to handle training
datasets (Mantero et al., 2005). For this study, we proposed to
use the least square support vector machines (LSSVMs) for the
downscaling of GOES LSTs to 1-km resolution, because LSSVM
has been found effective in terms of noise reduction, computation
efficiency and accuracy in data generation and fusion (Zheng et al.,
2008; Shi et al., 2009). LSSVMs are reformulations of the standard
SVMs, and are closely related to the regularization networks and
Gaussian processes with additional emphasis of primary-dual
interpretation (Mountrakis et al., 2011). Specific procedures of
LSSVM based LST downscaling included: (1) up-scaling auxiliary
datasets (1 km resolution) to match the GOES pixels at 5-km
spatial resolution; (2) quantifying the relationship between 5-km
auxiliary datasets and GOES LSTs; (3) applying the estimated rela-
tionship to the auxiliary datasets at 1 km spatial resolution to
derive half-hourly LSTs at 1 km; and (4) validation of the predicted
LSTs with observed MODIS LSTs. Fig. 2 shows the detailed proce-
dure for LST downscaling.

3.3. Diurnal temperature cycle (DTC) modeling

Due to the lack of MODIS LST measurements at non-passing
times, this study decided to compare DTC modeling results to
assess the prediction accuracy for all the downscaled images (48
in total). The DTC model can be used to derive a series of parame-
ters describing the thermal behavior of land surfaces (Gottsche and
Olesen, 2001, 2009). Different models have been developed to
characterize DTC (Gottsche and Olesen, 2001; Inamdar et al.,
2008; Gottsche and Olesen, 2009). Six distinct models were dis-
cussed in Duan et al. (2012). We decided to employ the model by
Inamdar et al. (2008) to describe the diurnal LST variations because
of its better match, which used a harmonic and a hyperbolic decay
term for the fitting purpose. The model can be described as a
system of equations as follows:

T1ðtÞ ¼ T0 þ Ta cos
p
x
ðt � tmÞ

� �
; t < ts ð2Þ

T2ðtÞ ¼ ðT0 þ dTÞ þ Ta cos
p
x
ðts � tmÞ

� �
� dT

h i k
kþ t� ts

; t P ts ð3Þ

where, T0 minimum temperature around sunrise; Ta temperature
amplitude; t time (h); x length of daylight hours (h); tm time of
the maximum (h); ts start of the nighttime attenuation (h); k
attenuation coefficient; dT = T(t ?1)–T0.

A test site of 5 � 5 pixels from the downscaled GOES 1-km
images and the corresponding region of GOES 5-km (only 1 pixel)
was selected from shrubland and developed area respectively. Sites
A and B in Fig. 1 showed these test sites. The modeling period was
limited to between successive sunrises. The Levenberg–Marquardt
scheme was utilized to optimize the DTC parameters for the time
series LSTs. The attenuation coefficient (k) was determined by con-
straining the set of Eq. (2) for continuity of first derivatives at the
junction point (Inamdar et al., 2008), and the length of daylight
hours (x) was precisely calculated based on astronomical relation-
ships (Gottsche and Olesen, 2001). Next, the model was initiated
by providing the initial guess of other five parameters, which led
to the convergence of final parameters.

4. Results

4.1. LST downscaling results

GOES images of January 12, May 12, August 12, and October 15
(48 images per day) were downscaled. The clear sky GOES LST pix-
els screened by the BTH method were input into the LSSVM model
to estimate the relationship with the aggregated auxiliary datasets
at 5-km resolution. A major consideration in the applicability of
SVMs is the choice of kernels. This research tested different kernel
functions, including radial basis function (RBF), polynomial func-
tion (PF), and linear kernel (LK). It was found that the RBF kernel
outperformed over the other two and that predicted LST values
were in the typical ranges of land surfaces (250–330 K) (Weng
and Fu, 2014). Then, the estimated relationship by LSSVMs was
applied to the original auxiliary datasets to predict LSTs at 1 km.

Fig. 3 shows density scatter plots of predicted GOES LSTs at
1 km against MODIS LST measurements at the same overpass time
for the four selected days. The mean absolute error for the pre-
dicted images was relatively constant, ranging from 1.8 to 2.3 K,
indicating that the proposed LSSVM method can disaggregate
coarse TIR data to 1 km resolution stably in different months.
The correlation coefficients, 0.87, 0.85, 0.80 and 0.84 for the four
dates, respectively, further suggested the robustness of the down-
scaling method. Large values of standard deviation associated with
the mean prediction error (2.9 K, 3.0 K, 3.3 K, and 2.9 K, respec-
tively), on the other hand, implied that the downscaling method
was not sufficiently robust and should be improved. A possible
reason was the incomplete inclusion of explanatory factors to
LST variations. For example, soil moisture was not included in this
study as an explanatory variable. It has been reported in the
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Fig. 2. The procedure for downscaling GOES 5-km image data to generate 1-km LSTs.

Fig. 3. Validations of predicted GOES LST at 1 km spatial resolution against MODIS LST measurements at the same overpass time on (A) 01/12/2005, (B) 05/12/2005, (C) 08/
12/2005, and (D) 10/15/2005.
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literature that a small change in soil moisture may lead to a signif-
icant change in evapotranspiration and thus impacts to the surface
energy budget and LST variations (Owen et al., 1998; Carlson,
2007). However, currently available soil moisture data products
are often too coarse, usually at 25 km spatial resolution (Gruhier
et al., 2010), not suitable for the LST downscaling. A closer exami-
nation of the prediction errors suggests that urban pixels tended to
yield greater prediction biases. The selected variables must be fur-
ther investigated in terms of appropriateness for urban LST studies.
Fig. 4 shows the observed GOES LSTs at 5 km, the predicted GOES
LSTs at 1 km, and the observed MODIS LST measurements (1 km)
at the same overpass time. Visually, the downscaled GOES LSTs
captured the general patterns of LST over the study area quite well
as compared with the MODIS observations.

4.2. DTC modeling results

Fig. 5 shows the modeling results for the shrubland and devel-
oped areas in different months. Compared with the original 5-km
GOES LSTs, downscaled LSTs presented stronger diurnal fluctua-
tions, especially after the nighttime attenuation started. This result
suggested that the proposed downscaling method was more suit-
able for the daytime other than the nighttime due to the limited
ability of the auxiliary data to reveal LST dynamics during the
nighttime. In addition, the downscaled 1 km LSTs in the developed
areas displayed larger fluctuations than those in the shrubland. The
urban-shrubland difference in LST temporal variation prompted us
to consider several factors in downscaling LSTs. First, the complex-
ity of urban landscapes (forms and structures) tended to create
more anomalies in LST. Moreover, the inconsistent LST diurnal
variations at 5 km may be related to the uncertainty resulted from
the application of the split window algorithm. The lack of available
atmospheric profiles hindered the acquisition of split window
regression coefficients through simulations. Instead, by collecting
large amount of MODIS and GOES pixel pairs, split window regres-
sion coefficients could be derived. However, this kind of computa-
tion needs to assume that regression coefficients did not change
over time. During the fitting processes, coefficients were derived
by using all the pixels, thus neglecting possible local variations
and changes caused by meteorological conditions. Eventually,
biases resulted from the LST computations were propagated to
the downscaling procedure (i.e., LSSVM), generating large diurnal
fluctuations in the downscaled LSTs. Therefore, we proposed to
use the DTC model to fit the downscaled LSTs derived from the
LSSVM procedure and to consider the DTC modeled values as the
final downscaling results, also referred as DTC-smoothed LST val-
ues. Fig. 6 showed the evolution of LSTs, which can also be used
to examine the surface urban heat island (SUHI) at a temporal res-
olution of 30 min from 09:00 to 19:30 local time on August 12,
2005. The presented images were the products of DTC-smoothed
LST at 1 km resolution. To ensure a consistent comparison, the
same data classification scheme and color scale were applied to
all the predicted LST images. Gradual changes in LST can be clearly
seen. Further extraction of urban thermal parameters (such as UHI
center, magnitude, and extent) would be promising and possible.

Table 1 provided the DTC modeling results and their differences
at 1 km and 5 km for the selected urban and shrubland areas. The
fitted RMSE in Table 1 quantified the fitting results and showed
mostly large errors at 1 km, which unfolded that the downscaling
LSTs, to some extent, deteriorated the original diurnal temperature
variations. On 01/12/2005, there was small discrepancy in the
modeling result between developed and shrubland sites. In fact,
except for the parameter T0 (i.e., minimum temperature around
sunrise), other parameters of the model showed very similar values
at both 1-km and 5-km resolutions. Thus, the ‘‘Fit 1–Fit 5’’ value
(the difference between fitting results at 1 km and 5 km) was
negative for both developed and shrubland sites. On 05/12/2005,
shrubland illustrated a great difference in temperature amplitude
(Ta). This was due to the reduction of the highest temperature at
1 km, which may be attributed to the prorogated errors from the
split window algorithm. The minimum temperature around sun-
rise (T0) was larger in the developed area than that in the shrub-
land. This is reasonable given the existence of anthropogenic
heat discharge in the urban areas. On 08/12/2005, modeling
parameters derived at 1 km and 5 km for shrubland were very
close except for dT. The large value of divergence should be attrib-
uted to strong LST fluctuations resulted from the downscaling after
the start of nighttime attenuation at 1 km. This should also be the
reason why the fitted RMSE at 1 km was significantly larger than
that at 5 km. In contrast, the developed land showed similar value
of each parameter at both resolutions. On 10/15/2005, shrubland
observed similar parameters at 1 km and 5 km except for Ta. The
possible reason was the dampening of the highest temperature at
1 km resulted from LST downscaling process. Similar to 08/12/
2005, the modeling parameters in October for the developed site
did not show large differences at both resolutions. Although LSTs
presented large fluctuations in both August and October, the DTC
modeling process smoothed the troughs and peaks. For all months,
in terms of fitted LSTs (Fit 1–Fit 5), it is suggested that downscaled
LSTs had an accuracy of 0.1–2.2 K for shrubland and 0.2–1.5 K for
developed area. Based on the analysis of all modeling results, it
can be concluded that downscaled GOES LSTs at 1 km preserved
well the diurnal temperature cycle and that the prediction accu-
racy was reasonably high (approximately 2.5 K for all the 48
images). The downscaled LSTs smoothed by DTC preserved the vast
majority of information of LST diurnal dynamics.
5. Discussion

The performance of the proposed disaggregation procedures
was principally dependent upon the quality of auxiliary datasets.
Prediction errors originated from the up-scaling process, especially
over heterogeneous regions, such as developed areas. The up-scal-
ing process, indeed, averaged the variations of LST associated
parameters from 1 km to 5 km, resulting in the loss of local vari-
ance and thus leading to large errors. In addition, the matching
of MODIS 1-km pixels to GOES 5-km pixels inevitably introduced
some geo-location errors. Another aspect that influenced the
downscaling processes would be the application of split window
algorithm to derive GOES LSTs by fitting matched MODIS and GOES
pixel pairs to estimate regression coefficients. The basic assump-
tion was that there were not any changes in the coefficients,
neglecting local variations and meteorological conditions that
could impact the regression coefficients.

Fig. 6 shows that predicted 1-km LSTs exhibited more fluctua-
tions over successive sunrises, which may suggest the combined
impact of the downscaling procedure and the derivation of LST
from GOES image data. A better way to derive GOES LSTs should
be based on the MODTRAN model to simulate the regression coef-
ficients by using appropriate atmospheric parameters. Due to the
unavailability of crucial atmospheric data this study had to collect
substantial amount of MODIS and GOES pixel-pairs, making it pos-
sible to employ the least square regression (LSR) to compute the
split window coefficients (Inamdar et al., 2008). The optimization
of LSR would allow for the computation for all collected pixel-pairs
globally and neglecting specific atmospheric conditions for a par-
ticular day. Another potential source of error in the prediction
may be related to the incomplete inclusion of factors contributing
to LST variations. For example, soil moisture may be an important
factor influencing LST variations in an arid or semi-arid environ-
ment such as Los Angeles.



Fig. 4. The observed GOES LSTs at 5 km resolution (Panel A), the predicted LSTs at 1 km resolution (Panel B), and the observed MODIS LST measurements at 1 km at the same
overpass time (Panel C) on January 12, May 12, August 12 and October 15, 2005. Gaps in the Panel C were removed according to the QA layer of the MODIS product.

84 Q. Weng, P. Fu / ISPRS Journal of Photogrammetry and Remote Sensing 97 (2014) 78–88



Fig. 5. DTC modeling results for shrubland (Left) and developed (Right) on (A) 01/12, (B) 05/12, (C) 08/12, (D) 10/15, 2005. 1-km LSTs were extracted from the downscaled
GOES images and 5 km LSTs were derived from the GOES images. The x-axis represents local time from 6 am to 6 am next day (30 h). Fitted 1 km and 5 km means the DTC
modeled results at 1 km and 5 km.
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Fig. 6. Evolutions of LST pattern from 09:00 to 19:30 (local time) in Los Angeles on August 12, 2005.
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Table 1
Statistics of the DTC modeling results for selected shrubland and developed areas.

Date Land cover Resolution T0 (K) Ta (K) x (h) Tm (h) Ts (h) k dT (K) Fitted RMSE Fit 1–Fit 5 (mean/RMSE)

Jan Shrubland 1 km 278.2 10.3 10.1 13.5 17.1 3.5 �4.0 1.4 �1.2/0.2
5 km 279.5 10.1 10.3 13.3 17.2 3.7 �4.7 1.2

Developed 1 km 283.6 10.5 10.1 13.0 17.1 5.3 �6.1 2.0 �1.5/0.2
5 km 285.0 10.4 10.1 13.1 17.0 4.3 �5.7 2.1

May Shrubland 1 km 297.4 14.3 13.5 13.2 18.7 1.3 0.1 1.1 0.1/1.4
5 km 296.0 17.7 13.5 13.6 18.6 1.2 0.4 2.4

Developed 1 km 300.9 10.0 13.8 13.1 18.3 1.0 1.5 1.1 �0.2/1.0
5 km 301.9 10.2 13.5 13.2 18.5 1.9 �1.4 0.7

Aug Shrubland 1 km 296.7 25.6 13.3 12.5 17.3 3.7 �4.9 3.7 �2.2/1.5
5 km 298.9 25.4 13.4 12.5 17.3 3.7 3.7 0.8

Developed 1 km 297.7 15.0 13.3 13.4 17.3 2.4 �4.2 3.0 0.2/0.5
5 km 297.5 15.1 13.5 13.5 17.2 2.4 �4.5 1.3

Oct Shrubland 1 km 291.5 14.5 11.1 12.5 16.5 2.9 �7.4 1.9 �0.1/0.9
5 km 290.0 17.8 11.3 12.4 16.5 2.2 �5.2 2.8

Developed 1 km 297.5 10.1 11.3 13.0 16.4 5.1 �6.0 2.4 �0.3/0.4
5 km 298.2 10.2 11.1 13.0 16.5 5.5 �7.6 3.0

Note: (1) DTC modeling parameters: minimum temperature around sunrise (T0), temperature amplitude (Ta), length of daylight hours (x), time of maximum (Tm), start of
nighttime attenuation (Ts), attenuation coefficient (k), and dT at 1 km and 5 km.
(2) Fitted root mean square error (RMSE) quantified the accuracy of DTC fitting result.
(3) The last column (Fit 1–Fit 5) shows the difference between the DTC fitting results at 1 km and 5 km.
(4) The dates were for 01/12, 05/12, 08/12, and 10/15, 2005, respectively.
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The DTC model by Inamdar et al. (2008) employed a harmonic
and a decay function to describe diurnal temperature variations.
A debatable point is its suitability for characterizing the nighttime
attenuation and the LST variability around the sunrise time. There-
fore, other models have been developed to simulate nighttime and
daytime variations. For example, Gottsche and Olesen (2009)
developed a DTC model by incorporating the optical thickness
parameter on the basis of extraterrestrial solar irradiation and
the energy balance of the land surface. The system of equations
(as proposed by Gottsche and Olesen, 2009) has been demon-
strated to be able to better simulate both the variations of LST
around sunrise and the natural variability of DTC width and slope.
Since this study employed a DTC model to smooth the downscaled
LSTs, further comparisons between various DTC models were not
conducted. Our primary interest was the comparisons of different
parameters (e.g., temperature amplitude, minimum temperature
around sunrise) derived at varied spatial scales. Further, Inamdar
et al. (2008) and Inamdar and French (2009) applied the DTC model
to the median-composite LSTs in order to fill the gaps caused by
cloud contamination. This procedure was not adopted in this study
because it may introduce additional uncertainty. The DTC esti-
mated from a long-term trend that in reality cannot portrait the
impacts of cloud contamination or rainfall events occurred at
short-term time scales, deviating from the actual diurnal cycle of
LST.

Fig. 5 showed that DTC varied with LULC type. For the present
study, we chose only two land covers (i.e., shrubland and devel-
oped area) for the DTC analysis, because a homogeneous pixel
(5 km by 5 km) for other LULC types was not possible to extract.
Possible causes for the observed differences in DTC among land
covers were soil moisture, evapotranspiration, and vegetation.
High soil moisture, evapotranspiration, and vegetation during day-
time can reduce the maximum temperature and hence lead to dis-
tinct temporal trends. The integration of these parameters may
have large impacts on the temporal dynamics of LSTs, especially
in the arid and semiarid environments. This was evident from
decreased temperature amplitude in the developed area given
the fact that urbanization was largely realized through the replace-
ments of natural surfaces (e.g., shrubland) with impervious sur-
faces. The creation of impervious surfaces changes surface energy
balance (Weng et al., 2004; Carlson 2007; Anderson et al., 2012).
Further investigations should be conducted on the impact of soil
moisture, evapotranspiration, and vegetation on the diurnal tem-
perature dynamics with various land covers.
6. Conclusions

This study aimed at exploring an efficient and effective way to
downscale half-hourly GOES LSTs from 5 km to 1 km spatial reso-
lution for investigations of environmental issues, such as urban
heat island monitoring and heat risk assessments. The result dem-
onstrated that the proposed LSSVM method can achieve this goal
successfully with the predicted accuracy around 2.5 K, when vali-
dated against MODIS LST measurements at the same overpass
time. The availability of auxiliary datasets, including vegetation
indexes, elevation data, albedo, and emissivity, enabled frequent
estimation of LST and thus its diurnal cycle. In the process of fusing
GOES and MODIS data, a series of analytical steps were imple-
mented, including BTH cloud screening, LST estimating with the
split-window scheme, up-scaling of auxiliary datasets to 5 km, dis-
aggregation with LSSVM, and validation with MODIS measure-
ments. However, main errors resulted from the derivation of
GOES LSTs, aggregation of the auxiliary datasets to match the GOES
pixels, and reliability of emissivity data product. Further extraction
of DTC parameters from the fused datasets suggested that the DTC
smoothed downscaled images yielded an accuracy of 0.1–2.2 in
terms of fitted LSTs at 1 km and 5 km.

The principle innovation of this research is that it provides syn-
thetic half-hourly 1-km LST data suitable for analysis of DTC
dynamics. Previous studies have shown the accuracy of down-
scaled GOES LST data can reach approximately at 2.5 K (Inamdar
et al., 2008; Zakšek and Oštir, 2012; Keramitsoglou et al., 2013);
however, the use of downscaled images for time sequential analy-
sis was limited and their value for diurnal temperature modeling
was not fully recognized. This study investigated the usefulness
of the downscaled 1-km LSTs to extract DTC parameters. Moreover,
this research can overcome the gaps caused by cloud contamina-
tion as long as cloud contaminated pixels did not affect the training
procedure of LSSVM. For regions experiencing more cloudy days,
new methods should be developed to model LST temporal varia-
tions and to assess the impact of cloud cover (Weng and Fu, 2014).

The proposed method can be extended to derive half-hourly
LSTs at higher spatial resolution when appropriate auxiliary
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datasets are available. For example, MODIS data products offer
vegetation indices at 250 m and 500 m resolutions. Therefore, it
is theoretically possible to downscale GOES images to the spatial
resolution of 250 or 500 m. Nevertheless, the involved scale issues
must be examined in details since LST is spatially heterogeneous,
especially over the urban areas. Because of the lack of real LST mea-
surements at 250 or 500 m resolution, methods for validating
modeling results should also be developed.
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