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Abstract: There is limited research in land surface temperatures (LST) simulation using image
fusion techniques, especially studies addressing the downscaling effect of LST image fusion. LST
simulation and associated downscaling effect can potentially benefit the thermal studies requiring
both high spatial and temporal resolutions. This study simulated LSTs based on observed Terra
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) and Terra Moderate
Resolution Imaging Spectroradiometer (MODIS) LST imagery with Spatial and Temporal Adaptive
Reflectance Fusion Model, and investigated the downscaling effect of LST image fusion at 15, 30, 60,
90, 120, 250, 500, and 1000 m spatial resolutions. The study area partially covered the City of Los
Angeles, California, USA, and surrounding areas. The reference images (observed ASTER and MODIS
LST imagery) were acquired on 04/03/2007 and 07/01/2007, with simulated LSTs produced for
4/28/2007. Three image resampling methods (Cubic Convolution, Bilinear Interpolation, and Nearest
Neighbor) were used during the downscaling and upscaling processes, and the resulting LST
simulations were compared. Results indicated that the observed ASTER LST and simulated ASTER
LST images (date 04/28/2007, spatial resolution 90 m) had high agreement in terms of spatial
variations and basic statistics based on a comparison between the observed and simulated ASTER
LST maps. Urban developed lands possessed higher LSTs with lighter tones and mountainous areas
showed dark tones with lower LSTs. The Cubic Convolution and Bilinear Interpolation resampling
methods yielded better results over Nearest Neighbor resampling method across the scales from 15 to
1000 m. The simulated LSTs with image fusion can be used as valuable inputs in heat related studies
that require frequent LST measurements with fine spatial resolutions, e.g., seasonal movements
of urban heat islands, monthly energy budget assessment, and temperature-driven epidemiology.
The observation of scale-independency of the proposed image fusion method can facilitate with
image selections of LST studies at various locations.

Keywords: land surface temperature; spatio-temporal image fusion; STARFM; downscaling;
urban areas

1. Introduction

Land surface temperature (LST) is a primary factor of land-atmosphere energy exchange and
is an important variable of urban thermal behavior and dynamics [1]. Thermal infrared satellite
imagery is an efficient source of LST retrieval and numerous algorithms have been developed based
on satellite and airborne sensors, e.g., Landsat Enhanced Thematic Mapper Plus (Landsat ETM+),
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER), Advanced Very High
Resolution Radiometer (AVHRR), and Heat Capacity Mapping Mission (HCMM). LST has been widely
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used to investigate heat-related phenomena and issues, e.g., urban heat islands [2], surface energy
fluxes [3], and epidemiology of virus infections [4]. The LST patterns and their relationships with
surface biophysical characteristics, e.g., vegetation, impervious surface, and human behavior have been
well addressed in the literature [2,5,6]. LST is shown to be associated terrain topography (elevation and
slope), e.g., LST tends to increase with more solar insolation at higher land; winds at steeper slopes
may influence LST [7,8].

Image fusion is a digital technique to generate a dataset based on two or more observed images
from different sources [9]. It has been commonly used to form high-spatial and high-temporal
resolutions by integrating high-resolution panchromatic image and low-resolution multispectral
image [10,11]. There are some popular image fusion approaches: (1) Intensity-Hue-Saturation
(IHS) method, which transfers a multi-band image from Red Green Blue (RGB) to IHS mode
and creates an IHS fused new image [12]; (2) Principal Component Analysis (PCA) that converts
correlated multispectral bands into uncorrelated components and generates fused panchromatic
image with high resolution [13];(3) arithmetic algorithms, e.g., Brovey Transform integrating
multispectral bands and high-resolution panchromatic channel with a set of multiplication and
division operations [14]; (4) wavelet approach, which links high-resolution panchromatic data with
low-resolution multispectral band based on a reverse wavelet conversion with specific wavelet
coefficients [15]; and (5) statistics-based fusion that applies statistical approaches to assess the
relationship among input spectral bands and evaluate the influences of individual bands to the
final fused image [16–19]. The Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM) is
an original and typical example of statistics-based fusion algorithm that simulates shortwave surface
reflectance images based on observed Landsat and Moderate Resolution Imaging Spectroradiometer
(MODIS) surface reflectance images [16]. There is another model called Spatio-Temporal Adaptive
Data Fusion Algorithm for Temperature mapping (SADFAT) which is an improved version of STARFM
for predicting thermal radiance and LST data by considering annual temperature cycle (ATC) and
urban thermal landscape heterogeneity [17]. The Spatial Temporal Adaptive Algorithm for mapping
Reflectance Change model (STAARCH) was designed to detect spatial and temporal changes in
the landscape with great details of disturbance [18]. The Enhanced Spatial and Temporal Adaptive
Reflectance Fusion Model (ESTARFM) was developed to improve the fusion accuracy on complex and
heterogeneous landscapes compared to that of STARFM [19].

Scale influences the examinations of the landscape patterns and thermal behaviors on the
earth’s surface. The scaling issue not only has a long history in various disciplines in general,
e.g., biogeography, climatology, hydrology, and geomorphology [20–23], but also attracts wide attention
in remote sensing and landscape studies specifically [24–28]. Schmid [29] observed that the thermal
radiance could be stable across a range of scales (25–200 m) in urban areas with homogeneous land
use land cover and LSTs. It was also believed that the thermal characteristics captured by a specific
thermal inferred sensor may not necessarily be the same as the ones retrieved at different times with
the same sensor, or the ones from other sensors [30]. Liu and Weng [31] suggested an optimal scale
(90 m) in studying the relationship between LST and landscape pattern for a specific study site (the
City of Indianapolis, USA) based on landscape metrics analysis.

A challenge in remote sensing analysis is to obtain/generate a remote sensing image with both
high spatial and high temporal resolutions. The restriction lies in the technical difficulties for any sensor
to provide measurements, e.g., LST data of global coverage at a reasonably high spatial resolution
while maintaining a high temporal resolution [17]. Image downscaling is one of the possible solutions
to overcome the restriction. Different studies have been conducted to demonstrate the downscaling
techniques in remote sensing, e.g., spectral mixture analysis, regression, cokriging, and Hopfield
neural network [32–34]. Although diverse fusion methods have been successfully developed, most
applications of image fusion have been focused on surface reflectance fusions. Relatively fewer
documents address the possible applications of image fusion techniques in LST fusion which will
potentially benefit the thermal studies requiring high spatial and temporal resolutions [35]. Zakšek
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and Oštir [36] applied a LST downscaling approach (principal component analysis and regression)
for urban heat island assessment based on MODIS LST level 2 data. Another LST downscaling study
included multispectral data and morphological conditions as downscaling predictors [37]. Jiang and
Weng [38] examined the surface moisture based on downscaled LST over urban terrains using Zakšek’s
method. Stathopoulou and Cartalis [39] used different scaling techniques to downscale AVHRR LST
imagery and found that the downscaled LST imagery possessed visual improvement compared to
that of the original data. Liu and Pu [40] estimated subpixel thermal infrared radiance by applying
both physical and statistical downscaling models, and suggested that both downscaling models were
suitable for maintaining the general patterns in the original image with considerable spatial details.
An applied study assessed heat wave health risks based on downscaled Geostationary Operational
Environmental Satellite (GOES) LST [41], and found that the downscaling method used (Zakšek’s
algorithm [36]) could be used to effectively address the spatial and temporal variability of heat waves
in urban areas. Various disaggregation methods were used to improve the spatial resolution of thermal
infrared data based on Landsat visible and near infrared (VNIR) data and MODIS LST imagery, among
which a linear regression method reached the best results [42]. Although the downscaling techniques
on LSTs have been documented, there are very limited studies discussing the possible downscaling
effects during the LST fusion process mentioned above, which can be critical in some thermal landscape
issues, e.g., the central locations and magnitudes of urban heat islands in urban areas with various
sizes [43], and the relationships between LSTs and landscape patterns [31].

The objectives of this study were: (1) to simulate land surface temperatures (LSTs) in an urban
environment with an existing statistics-based image fusion model; and (2) to assess the downscaling
effect in LST image fusion. The simulated LST images can be used to evaluate thermal landscape,
energy exchanges, and other related phenomena that need LST information at a more frequent base
with fine spatial resolutions, e.g., seasonal movements of urban heat islands, monthly energy budget
assessment, and temperature-driven epidemiology. The downscaling effect analysis will facilitate with
image selections of LST studies at various locations.

2. Materials and Methods

2.1. Study Area

The study area covered part of the City of Los Angeles (LA), California, USA and surrounding
locations, e.g., Long Beach, Anaheim, and Santa Ana (Figure 1). The overall elevation increases from
flat coastal land on the south to hilly mountains to the north with a range from about 5 m to 2590 m.
Some hills are present in the central west and central east. Sitting along the coast, Los Angeles has a
typical Mediterranean climate condition (e.g., hot and dry summers, and warm and moist winters).
The average high temperature is 29.3 ◦C in August and 20.1 ◦C in January, according to the weather
station on the Downtown-University of Southern California campus. Temperature transitions between
the inland and coastal areas can be obvious and are closely related to elevation and distance from the
coast. More than 60% of the area is covered by urban development mainly spreading along the coast
and in the south with flatter land. Vegetation, e.g., shrubs and canopies mainly appear in residential
areas, rural mountains on the north, and vacant fields. Certain bare soil and herbaceous vegetation can
be observed as well [44].
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each pair acquired in the same date. Considering the data availability and quality (e.g., low cloud 
cover), we carefully selected six Terra ASTER surface kinetic temperature scenes and three Terra 
MODIS LST datasets acquired on 04/03/2007, 4/28/2007, and 07/01/2007 at leaf-on seasons. Due to the 
scene coverage, two ASTER images acquiring in the same date had to be obtained and a mosaic built 
to fully cover the study area. All the images were acquired in April or July 2007 with no/low cloud 
cover. Planck’s Law was used to derive ASTER’s surface kinetic temperature based on the emissivity 
values from the Temperature-Emissivity Separation (TES) algorithm with ±1.5 K measurement  
error [45]. MODIS’s land surface temperature/emissivity was created using the generalized split-
window LST algorithm with standard deviations of errors of 0.4–0.5 K [46]. Table 1 lists all the images, 
with their acquisition dates and spatial resolutions. 
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Figure 1. Geographical location of the study area.

2.2. Data Collection and Pre-Processing

The principle of date selection was to select three pairs of Terra ASTER/MODIS LST images
with each pair acquired in the same date. Considering the data availability and quality (e.g., low
cloud cover), we carefully selected six Terra ASTER surface kinetic temperature scenes and three
Terra MODIS LST datasets acquired on 04/03/2007, 4/28/2007, and 07/01/2007 at leaf-on seasons.
Due to the scene coverage, two ASTER images acquiring in the same date had to be obtained and
a mosaic built to fully cover the study area. All the images were acquired in April or July 2007
with no/low cloud cover. Planck’s Law was used to derive ASTER’s surface kinetic temperature
based on the emissivity values from the Temperature-Emissivity Separation (TES) algorithm with
±1.5 K measurement error [45]. MODIS’s land surface temperature/emissivity was created using the
generalized split-window LST algorithm with standard deviations of errors of 0.4–0.5 K [46]. Table 1
lists all the images, with their acquisition dates and spatial resolutions.

Table 1. Satellite images used in the study, their acquisition dates and spatial resolutions.

Satellite Data Acquisition Date & Time (GWT) Spatial Resolution (m)

Terra ASTER AST_08 3 April 2007, 18:46 90
(Surface Kinetic Temperature) 28 April 2007, 18:39 *

1 July 2007, 18:39
Terra MODIS 11A1 LST/E 3 April 2007, daily 1000

(Land Surface Temperature &
Emissivity) 28 April 2007, daily

1 July 2007, daily

* image used for image fusion validation.
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A study boundary was determined based on the overlap among three ASTER LST images
acquired at different image dates. All images were then resized such that they comprised the same
study boundary (Figure 1) without cloudy pixels (mainly near the coast or in the ocean). As a result,
three ASTER/MODIS LST image pairs were ready for LST image fusion analysis.

2.3. LST Image Fusion

The goal of LST image fusion in the study was to create simulated LST image at ASTER spatial
resolution and MODIS acquisition dates. Since LST is associated to the energy exchange between
the land surface and atmosphere [46], rather than a response to reflected energy, some traditional
image fusion methods (e.g., IHS and PCA methods) may be not suitable for LST simulations. STARFM,
a statistics-based approach was used to perform LST image fusion. Initially the model was developed
to simulate 30-m surface reflectance images based on observed Landsat and MODIS surface reflectance
images [16]. The model algorithm is given as:
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pixel (x ω
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2
). Variable Wijk is defined by three components: spectral difference between Landsat

and MODIS, temporal difference between the simulated and input MODIS images, and location
distance between central pixel and candidate pixel [16]. The STARFM can accurately estimate the
surface reflectance with pure MODIS pixels, and capture permanent land-cover changes during the
growing season. However, fine-resolution bracketing (Landsat) images are necessary in capturing
transient phenology for the STARFM [16]. The model is applicable to other instruments since its
functioning is purely statistical in nature [16]. For example, one study utilized the STARFM model to
produce interpolated ASTER surface reflectance images based on archived ASTER and MODIS surface
reflectance images [4].

The STARFM model was adapted to simulate LSTs for the simulation date 04/28/2007 based on
ASTER and MODIS LST images. More specifically, there were five input LST images: two ASTER
and MODIS image pairs acquired on 04/03/2007 and 07/01/2007 respectively, and one MODIS LST
image acquired on 04/28/2007. Since STARFM was designed to use Landsat and MODIS stimulated
land surface reflectance as inputs, it was necessary to modify the model parameters (e.g., image
size, spatial resolution, and maximum search distance) for use with ASTER and MODIS LST data.
Wijk was determined based on three factors: LST difference between ASTER and MODIS imagery
(an approximate calculation to identify the homogeneity of LST for a MODIS pixel), temporal changes
on MODIS LST measurements between the simulation and the acquisition dates, and location distance
between the central simulated pixel and the surrounding candidate pixel with similar LST associated.
We adopted the assumptions made by Gao [16] when combining the three factors above for the
calculation of Wijk. We naively assumed that: (1) homogeneous MODIS pixels provide identical
temporal changes as ASTER observations in regard to LST values; (2) measurements with less change
from the simulation date provide better reference for the prediction date; and (3) neighboring pixels
with closer distance usually provide better reference for simulation. The LST image fusion was
validated by statistically comparing the observed and simulated ASTER LSTs for date 04/28/2007.

2.4. Downscaling Effect Analysis

The availability of LST or thermal images varies from location to location, so that it is important
to assess the scaling effect, especially the downscaling effect of LST image fusion with STARFM.
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It is noted that downscaling in remote sensing refers to a decrease in pixel size and an increase
in spatial resolution. The downscaling effect may associate with either consistent or inconsistent
measurements in information retrieval [47]. In order to assess the possible downscaling effect, all
the input images (both ASTER and MODIS LST images) were resampled to possess the following
eight spatial resolutions (units: meters): 15, 30, 60, 90, 120, 250, 500, and 1000, based on the Cubic
Convolution resampling method. It was noted that those scales range from 15 to 1000 m, so it seemed
to be more appropriate to select a resampling approach that can generate a smooth instead of choppy
output image, e.g., Cubic Convolution. A simulated ASTER-like LST image at a particular scale was
generated by entering the corresponding image pairs at the same scale to STARFM. For example,
15 m LST image pairs (ASTER and MODIS) acquired at different dates (04/03/2007 and 07/01/2007)
generated a 15 m simulated ASTER LST dataset for a particular date (04/28/2007). The basic statistics
were calculated across the scales to identify the appropriate scales for LST simulation.

3. Results

3.1. Simulated ASTER LST Image

Figure 2 shows the simulated ASTER LST image on date 04/28/2007 (90 m spatial resolution).
As can be observed in the figure, overall the LSTs on the north side were lower than those in the
south. The simulated LSTs tended to agree with land use and land cover types, and the variations
of LSTs corresponded to energy balance across the surface. For example, LSTs in urbanized lands,
e.g., south side with heavy urban infrastructures and buildings/houses possessed relatively higher
LST values with lighter tones, while vegetated mountain areas on the north contained relatively lower
LSTs with darker tones. LSTs along the major roads could be clearly observed at 90 m resolution.
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3.2. Image Fusion Validation

The observed ASTER LST and simulated ASTER LST images (date 04/28/2007, spatial resolution
90 m) had high agreement in terms of spatial variations and LST statistics (Figure 3 and Table 2). Urban
impervious surfaces possessed much higher LSTs with lighter tones but mountainous areas showed
dark tones with lower LSTs on both figures. It was notable that the simulated LST image appeared
to contain slightly lower LST contrasts across the surface than those of observed LSTs. It indicated
the possible influences of input ASTER and MODIS LST images on the fusion results. It is likely
due to the calibrations of Wijk which were calculated based on LST difference between ASTER and
MODIS imagery, temporal changes on MODIS LSTs between the simulation and the acquisition dates,
and location distance between the central simulated pixel and the surrounding candidate pixel with
similar LST associated. On the third panel (right) of Figure 3, the simulated LSTs of rural mountain
areas on the north deviated more from observed LSTs at in situ pixels, comparing to urban pixels
farther south. This finding may correspond to the limited capability of STARFM in the mountainous
areas as addressed by Gao [16].
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Figure 3. A comparison between observed (left) and simulated (middle) ASTER LST image on date
04/28/2007. The map (right) shows the difference between observed and simulated images. Spatial
resolution: 90 m.

In order to further demonstrate the variations of departures across the surface between observed
and simulated images, a scatter plot was created to compare the observed and simulated LSTs in a
rural mountain site, as well as a plot for an urban site (Figure 4). LSTs of mountain site tended to
gather along the reference line in red with extensive departures on both sides of the line. It indicated
that mountain LSTs generated larger errors in simulation (greater or smaller than observed LSTs).
Urban LSTs also accumulated along the reference line with limited departures on the left side of the
reference but much more on the right side. It implied that observed LSTs in the urban site had higher
values than those of simulated LSTs. This difference could be once again associated with observed
LST images used in STARFM. The statistics showed that the mean differences between observed and
simulated ASTER LST datasets at 90 m spatial resolution reached 0.89 K, with a standard deviation
(SD) of 1.93 by using Cubic Convolution resampling method (Table 2).
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Figure 4. Scatter plots between observed and simulated ASTER LST datasets at mountain and urban
areas on date 04/28/2007. Temperature units: K. Spatial resolution: 15 m.

Table 2. Basic statistics in the difference maps between observed ASTER LST and simulated ASTER
LST data (observed–simulated) for image date 04/28/2007, by using Cubic Convolution, Bilinear
Interpolation, and Nearest Neighbor resample methods.

Spatial Resolution
(units: m)

Mean (Units: K) Standard Deviation (SD) (Units: K)

Cubic Bilinear Nearest
Neighbor Cubic Bilinear Nearest

Neighbor

15 0.88 0.93 1.08 1.99 1.96 1.98
30 0.95 0.94 1.04 1.98 1.95 2.17
60 0.90 0.98 −4.59 1.94 1.95 4.25
90 0.89 0.88 −4.58 1.93 1.92 4.26

120 −2.73 0.89 −4.53 3.43 1.91 4.24
250 0.93 0.90 −4.45 2.14 1.88 4.09
500 0.90 0.86 −4.41 2.12 1.84 4.16

1000 0.92 0.90 −4.33 2.12 1.85 4.20

3.3. Downscaling Effect Analysis

Figure 5 shows a series of simulated ASTER LST images at different spatial resolutions: 15, 30,
60, 90, 120, 250, 500 and 1000 m. More variations could be observed when the scale changed from
15 to 120 m, and from 120 to 1000 m, LST distributions became more homogeneous. Based on the
statistics (mean and SD) shown in Table 2, the mean LST differences were around 1 K from 15 to 1000 m
resolution, except that at 120 m, which was much lower (−2.72 K). This exception implied the influence
of input (MODIS and ASTER) LST images to the model. Overall there were slight increases across the
scales in regard to SDs. However, SD was noticeably higher at 120 m (3.43), which corresponded to the
low mean LST difference at this scale.
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4. Discussion and Conclusions

This study simulated LSTs by using STARFM, an existing statistics-based image fusion model,
and investigated the downscaling effect of LST fusion process based on ASTER and MODIS LST
products. Results showed that LST image fusion reached a reasonable accuracy across the scales
(15–1000 m) with both the Cubic Convolution and the Bilinear Convolution resampling methods.
However, the results of the Nearest Neighbor resampling were not as consistent as those of the
Cubic Convolution and the Bilinear Convolution methods. The downscaling process did not seem to
significantly affect the fusion results, which suggested that the LST simulation approach was somewhat
scale independent. Flat terrains yielded more accurate LST simulation than hilly and mountain areas.
The results can be used in studies requiring LSTs with fine spatial details, e.g., time sensitive and
heat-related epidemiological/public health studies, and monitoring the weekly/monthly shifts of
urban heat islands (central locations and magnitudes) for the studied location. The low sensitivity to
scaling effect makes it possible to apply the same approach to other urban locations.

While the result of the simulation was promising, the demonstrated LST image fusion method
should be used with caution. There are some potential limitations in adopting the STARFM for LST
simulation. First, the accuracy of LST simulation was directly linked with the archived MODIS and
ASTER LST products which may possess some errors introduced by LST retrieval algorithms [1].
Consequently the simulated LSTs could differ more from the LST measurements on the ground for
some locations. This potential disagreement should be independent from the STARFM performance.

Second, the temperature distribution across the land surface was obviously different from that of
land surface reflectance since temperature variation was more closely related to the surface energy
balance. In addition, the seasonal change of LST can be transient phenology. The variation of the
surface energy balance may not be entirely accounted by such a statistics-based approach. STARFM
could not generate accurate results on LST simulations without quality bracketing ASTER images.
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As such, more archived MODIS and LST images acquired at different dates and seasons would be
helpful in calibrating the STARFM model and validating the results.

Third, STARFM was believed to be less suitable for simulating spectral reflectance in the
mountainous areas or heterogeneous landscapes with extreme surface reflectance, e.g., small
agriculture patches, due to the fact that mixed coarse-resolution MODIS pixels usually captured limited
variation in surface reflectance across the surface [16,18,19]. Future work may include a separation
between flat terrain and hilly areas before performing LST simulation, and further optimization of
STARFM parameters, e.g., Wijk, and maximum search distance. It would also be worthy to assess how
LST varies with elevation by incorporating surface elevation as the topographic effect, as indicated by
Wan and Dozier [48]. To provide even more details, an investigation of transitions could be conducted
to demonstrate how simulated LSTs vary with land cover types, e.g., from highly developed downtown
to residential areas with mixed vegetation and houses and mountains with low-to-median-density
tree canopy.

Meanwhile, it is worthwhile to compare the current LST simulation method with other image
fusion models, such as STAARCH, in which spatial-temporal landscape changes can be better
captured by choosing an optimal acquisition date for Landsat input image [18], ESTARFM that
can better simulate the surface reflectance for complex and heterogeneous regions with the assistance
of reflectance trend analysis and spectral unmixing approach [19], and SADFAT that incorporated
annual temperature cycle modeling and spectral unmixing into the prediction of LST change [17].

The image resampling process could influence the results at certain levels. The Cubic Convolution
method was first applied to create a series of LST images for downscaling effect analysis. In order to
evaluate the possible influences of resampling approaches, two other traditional resampling methods,
Bilinear Interpolation, and Nearest Neighbor method were also used to generate two sets of ASTER
and MODIS LST images as inputs to STARFM. The same basic statistics were calculated based on those
two resampling methods (Table 2). According to the statistics in Table 2, the Bilinear Interpolation
method leaded to quite similar results to those of Cubic Convolution. However no surprise was
found at 120 m resolution as that of Cubic Convolution, it might indicate that the input (resampled
MODIS and ASTER) images had less influence on LST fusion at 120 m. The simulated LSTs with
Nearest Neighbor method seemed to be similar as those of Cubic and Bilinear methods at 15–30 m
resolution. However the simulated LST images tended to consistently depart from observed images at
60–1000 m with about −4.5 K mean difference and around 4.2 K standard deviation. The comparison
between these three traditional resampling methods suggested that LST image fusion performs well
with smooth resampling methods (e.g., Cubic and Bilinear) but reached less acceptable results with
Nearest Neighbor method.

It was notable that the study directly applied the traditional resampling approaches to upscale
the ASTER LST imagery and meanwhile to downscale the MODIS LST imagery as inputs of STARFM
model, rather than adopting the downscaling techniques used by other researchers, e.g., Zakšek and
Ostir [36]. It will be worthwhile to apply other downscaling techniques and compare the results with
current findings.
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7. Hais, M.; Kučera, T. The influence of topography on the forest surface temperature retrieved from Landsat
TM, ETM+ and ASTER thermal channels. ISPRS J. Photogramm. Remote Sens. 2009, 64, 585–591. [CrossRef]

8. Neteler, M. Estimating daily land surface temperatures in mountainous environments by reconstructed
MODIS LST data. Remote Sens. 2010, 2, 333–351. [CrossRef]

9. Genderen, J.L.; Pohl, C. Image fusion: Issues, techniques and applications. In Proceedings of the EAReL
Workshop Intelligent Image Fusion, Strasbourg, France, 11 September 1994; pp. 18–26.

10. Wang, Z.; Ziou, D.; Armenakis, C.; Li, D.; Li, Q. A comparative analysis of image fusion methods. IEEE Trans.
Geosci. Remote Sens. 2005, 43, 1391–1402. [CrossRef]

11. Zheng, S.; Shi, W.; Liu, J.; Tian, J. Remote sensing image fusion using multiscale mapped LS-SVM. IEEE Trans.
Geosci. Remote Sens. 2008, 46, 1313–1322. [CrossRef]

12. Chavez, P.S.; Bowell, J.A. Comparison of the spectral information content of Landsat thematic mapper
and SPOT for three different sites in the Phoenix, Arizona region. Photogramm. Eng. Remote Sens. 1988, 54,
1699–1708.

13. Zhou, J.; Civco, D.L.; Silander, J.A. A wavelet transform method to merge Landsat TM and SPOT
panchromatic data. Int. J. Remote Sens. 1998, 19, 743–757. [CrossRef]

14. Gillespie, A.R.; Kahle, A.B.; Walker, R.E. Color enhancement of highly correlated images-II. Channel ratio
and ‘chromaticity’ transformation techniques. Remote Sens. Environ. 1987, 22, 343–365. [CrossRef]

15. Li, Z.; Jing, Z.; Yang, X.; Sun, S. Color transfer based remote sensing image fusion using non-separable
wavelet frame transform. Pattern Recognit. Lett. 2005, 26, 2006–2014. [CrossRef]

16. Gao, F.; Masek, J.; Schwaller, M.; Hall, F. On the Blending of the Landsat and MODIS Surface Reflectance:
Predicting Daily Landsat Surface Reflectance. IEEE Trans. Geosci. Remote Sens. 2006, 44, 2207–2218.

17. Weng, Q.; Fu, P.; Gao, F. Generating daily land surface temperature at Landsat resolution by fusing Landsat
and MODIS data. Remote Sens. Environ. 2014, 145, 55–67. [CrossRef]

18. Hilker, T.; Wulder, M.A.; Coops, N.C.; Linke, J.; McDermid, G.; Masek, J.G.; Gao, F.; White, J.C. A new data
fusion model for high spatial-and temporal-resolution mapping of forest disturbance based on Landsat and
MODIS. Remote Sens. Environ. 2009, 113, 1613–1627. [CrossRef]

19. Zhu, X.; Chen, J.; Gao, F.; Chen, X.; Masek, J.G. An enhanced spatial and temporal adaptive reflectance fusion
model for complex heterogeneous regions. Remote Sens. Environ. 2010, 114, 2610–2623. [CrossRef]

20. MacArthur, R.H.; Wilson, E.O. Theory of Island Biogeography (MPB-1); Princeton University Press: Princeton,
NJ, USA, 2015.

21. Huth, R. Statistical downscaling of daily temperature in central Europe. J. Clim. 2002, 15, 1731–1742.
[CrossRef]

22. Thornes, J.B. Markov chains and slope series: The scale problem. Geogr. Anal. 1973, 5, 322–328. [CrossRef]
23. Goodchild, M.F. Scale in GIS: An overview. Geomorphology 2011, 130, 5–9. [CrossRef]
24. Meentemeyer, V. Geographical perspectives of space, time, and scale. Landsc. Ecol. 1989, 3, 163–173. [CrossRef]
25. Turner, M.G. Spatial and temporal analysis of landscape patterns. Landscape Ecology. 1990, 4, 21–30. [CrossRef]
26. Petit, C.C.; Lambin, E.F. Integration of multi-source remote sensing data for land-cover change detection.

Int. J. Geogr. Inf. Sci. 2001, 15, 785–803. [CrossRef]

http://dx.doi.org/10.1016/j.rse.2012.12.008
http://dx.doi.org/10.1016/j.rse.2003.11.005
http://dx.doi.org/10.1016/j.rse.2007.02.011
http://dx.doi.org/10.1016/j.rse.2011.06.023
http://dx.doi.org/10.1080/014311697218485
http://dx.doi.org/10.1007/s00704-003-0735-7
http://dx.doi.org/10.1016/j.isprsjprs.2009.04.003
http://dx.doi.org/10.3390/rs1020333
http://dx.doi.org/10.1109/TGRS.2005.846874
http://dx.doi.org/10.1109/TGRS.2007.912737
http://dx.doi.org/10.1080/014311698215973
http://dx.doi.org/10.1016/0034-4257(87)90088-5
http://dx.doi.org/10.1016/j.patrec.2005.02.010
http://dx.doi.org/10.1016/j.rse.2014.02.003
http://dx.doi.org/10.1016/j.rse.2009.03.007
http://dx.doi.org/10.1016/j.rse.2010.05.032
http://dx.doi.org/10.1175/1520-0442(2002)015&lt;1731:SDODTI&gt;2.0.CO;2
http://dx.doi.org/10.1111/j.1538-4632.1973.tb00494.x
http://dx.doi.org/10.1016/j.geomorph.2010.10.004
http://dx.doi.org/10.1007/BF00131535
http://dx.doi.org/10.1007/BF02573948
http://dx.doi.org/10.1080/13658810110074483


Sensors 2018, 18, 4058 12 of 12

27. Chen, D.; Stow, D.A.; Gong, P. Examining the effect of spatial resolution and texture window size on
classification accuracy: An urban environment case. Int. J. Remote Sens. 2004, 25, 2177–2192. [CrossRef]

28. Wang, G.; Gertner, G.; Anderson, A.B. Upscaling methods based on variability-weighting and simulation for
inferring spatial information across scales. Int. J. Remote Sens. 2004, 25, 4961–4979. [CrossRef]

29. Schmid, H.P. Spatial Scales of Sensible Heat Flux Variability: Representativeness of Flux Measurements and
Surface Layer Structure over Suburban Terrain. Ph.D. Thesis, The University of British Columbia, Vancouver,
BC, Canada, 1988.

30. Quattrochi, D.A.; Goel, N.S. Spatial and temporal scaling of thermal remote sensing data. Remote Sens. Rev.
1995, 12, 255–286. [CrossRef]

31. Liu, H.; Weng, Q. Scaling effect on the relationship between landscape pattern and land surface temperature:
A case study of Indianapolis, United States. Photogramm. Eng. Remote Sens. 2009, 75, 291–304. [CrossRef]

32. Atkinson, P.M.; Pardo-Iguzquiza, E.; Chica-Olmo, M. Downscaling cokriging for super-resolution mapping
of continua in remotely sensed images. IEEE Trans. Geosci. Remote Sens. 2008, 46, 573–580. [CrossRef]

33. Atkinson, P.M. Downscaling in remote sensing. Int. J. Appl. Earth Obs. Geoinf. 2013, 22, 106–114. [CrossRef]
34. Ha, W.; Gowda, P.H.; Howell, T.A. A review of downscaling methods for remote sensing-based irrigation

management: Part I. Irrig. Sci. 2013, 31, 831–850. [CrossRef]
35. Weng, Q.; Fu, P. Modeling annual parameters of land surface temperature variations and evaluating the

impact of cloud cover using time series of Landsat TIR data. Remote Sens. Environ. 2014, 140, 267–278.
[CrossRef]

36. Zakšek, K.; Oštir, K. Downscaling land surface temperature for urban heat island diurnal cycle analysis.
Remote Sens. Environ. 2012, 117, 114–124. [CrossRef]

37. Bechtel, B.; Zakšek, K.; Hoshyaripour, G. Downscaling land surface temperature in an urban area: A case
study for Hamburg, Germany. Remote Sens. 2012, 4, 3184–3200. [CrossRef]

38. Jiang, Y.; Weng, Q. Estimation of hourly and daily evapotranspiration and soil moisture using downscaled
LST over various urban surfaces. GISci. Remote Sens. 2017, 54, 95–117. [CrossRef]

39. Stathopoulou, M.; Cartalis, C. Downscaling AVHRR land surface temperatures for improved surface urban
heat island intensity estimation. Remote Sens. Environ. 2009, 113, 2592–2605. [CrossRef]

40. Liu, D.; Pu, R. Downscaling thermal infrared radiance for subpixel land surface temperature retrieval. Sensors
2008, 8, 2695–2706. [CrossRef] [PubMed]

41. Jiang, Y.; Fu, P.; Weng, Q. Downscaling GOES land surface temperature for assessing heat wave health risks.
IEEE Geosci. Remote Sens. Lett. 2015, 12, 1605–1609. [CrossRef]

42. Bisquert, M.; Sánchez, J.M.; Caselles, V. Evaluation of disaggregation methods for downscaling MODIS
land surface temperature to Landsat spatial resolution in Barrax test site. IEEE J. Sel. Top. Appl. Earth Obs.
Remote Sens. 2016, 9, 1430–1438. [CrossRef]

43. Rajasekar, U.; Weng, Q. Spatio-temporal modeling and analysis of urban heat islands by using Landsat TM
and ETM+ Imagery. Int. J. Remote Sens. 2009, 30, 3531–3548. [CrossRef]

44. Nowak, D.J.; Hoehn, R.E., III; Crane, D.E.; Weller, L.; Davila, A. Assessing Urban Forest Effects and Values-Los
Angeles’ Urban Forest, USDA Forest Service, Northern Research Station, Resource Bulletin NRS-47. 2011.
Available online: http://www.nrs.fs.fed.us/pubs/rb/rb_nrs47.pdf (accessed on 4 November 2018).

45. Gillespie, A.; Rokugawa, S.; Matsunaga, T.; Cothern, J.S.; Hook, S.; Kahle, A.B. A temperature and emissivity
separation algorithm for advanced spaceborne thermal emission and reflection radiometer (ASTER) images.
IEEE Trans. Geosci. Remote Sens. 1998, 36, 1113–1126. [CrossRef]

46. Wan, Z.; Dozier, J. A generalized split-window algorithm for retrieving land-surface temperature from space.
IEEE Trans. Geosci. Remote Sens. 1996, 34, 892–905.

47. Wu, H.; Li, Z.L. Scale issues in remote sensing: A review on analysis, processing and modeling. Sensors 2009,
9, 1768–1793. [CrossRef] [PubMed]

48. Wan, Z.; Dozier, J. Land-surface temperature measurement from space: Physical principles and inverse
modeling. IEEE Trans. Geosci. Remote Sens. 1989, 27, 268–278.

© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1080/01431160310001618464
http://dx.doi.org/10.1080/01431160410001680428
http://dx.doi.org/10.1080/02757259509532287
http://dx.doi.org/10.14358/PERS.75.3.291
http://dx.doi.org/10.1109/TGRS.2007.909952
http://dx.doi.org/10.1016/j.jag.2012.04.012
http://dx.doi.org/10.1007/s00271-012-0331-7
http://dx.doi.org/10.1016/j.rse.2013.09.002
http://dx.doi.org/10.1016/j.rse.2011.05.027
http://dx.doi.org/10.3390/rs4103184
http://dx.doi.org/10.1080/15481603.2016.1258971
http://dx.doi.org/10.1016/j.rse.2009.07.017
http://dx.doi.org/10.3390/s8042695
http://www.ncbi.nlm.nih.gov/pubmed/27879844
http://dx.doi.org/10.1109/LGRS.2015.2414897
http://dx.doi.org/10.1109/JSTARS.2016.2519099
http://dx.doi.org/10.1080/01431160802562289
http://www.nrs.fs.fed.us/pubs/rb/rb_nrs47.pdf
http://dx.doi.org/10.1109/36.700995
http://dx.doi.org/10.3390/s90301768
http://www.ncbi.nlm.nih.gov/pubmed/22573986
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Study Area 
	Data Collection and Pre-Processing 
	LST Image Fusion 
	Downscaling Effect Analysis 

	Results 
	Simulated ASTER LST Image 
	Image Fusion Validation 
	Downscaling Effect Analysis 

	Discussion and Conclusions 
	References

