
Contents lists available at ScienceDirect

Remote Sensing of Environment

journal homepage: www.elsevier.com/locate/rse

Creating a seamless 1 km resolution daily land surface temperature dataset
for urban and surrounding areas in the conterminous United States

Xiaoma Lia, Yuyu Zhoua,⁎, Ghassem R. Asrarb, Zhengyuan Zhuc

a Department of Geological and Atmospheric Sciences, Iowa State University, Ames, IA 50011, USA
b Pacific Northwest National Laboratory, Joint Global Change Research Institute, College Park, MD 20740, USA
c Department of Statistics & Statistical Laboratory, Iowa State University, Ames, IA 50011, USA

A R T I C L E I N F O

Keywords:
MODIS
Land surface temperature
Gapfilling
Interpolation
Urbanization

A B S T R A C T

High spatiotemporal land surface temperature (LST) datasets are increasingly needed in a variety of fields such
as ecology, hydrology, meteorology, epidemiology, and energy systems. Moderate Resolution Imaging
Spectroradiometer (MODIS) daily LST is one of such high spatiotemporal datasets that are widely used. But, it
has a large amount of missing values primarily because of clouds, shadows, and other atmospheric conditions.
Gapfilling the missing values is an important approach to create seamless high spatiotemporal LST datasets.
However, current gapfilling methods have limitations in terms of accuracy and efficiency to assemble the data
over large areas (e.g., national and continental levels). In this study, we developed a 3-step hybrid method by
integrating daily merging (gapfilling missing values at one overpass using values at the other three overpasses
each day), spatiotemporal gapfilling (estimating missing values based on values of their spatial and temporal
neighbors), and temporal interpolation (gapfilling missing values based on values of their neighboring days), to
create a seamless high spatiotemporal LST dataset using the four daily LST observations from the two MODIS
instruments on Terra and Aqua satellites. We applied this method in urban and surrounding areas in the con-
terminous U.S. in 2010. The evaluation of the gapfilled LST product indicates its root mean squared error
(RMSE) to be 3.3 K for mid-daytime (1:30 pm) and 2.7 K for mid-nighttime (1:30 am) observations. The method
can be easily extended to other years and regions and is also applicable to other satellite products for large areas.
This seamless daily (mid-daytime and mid-nighttime) LST product with 1 km spatial resolution is of great value
for studying urban climate (e.g., quantifying surface urban heat island intensity, creating seamless high spa-
tiotemporal air temperature dataset) and the related impacts on people (e.g., health and mortality), ecosystems
(e.g., phenology), and energy systems (e.g., building energy use).

1. Introduction

Land surface temperature (LST), also called radiative skin tem-
perature of ground, is a key indicator of surface energy balance and
widely used in a variety of disciplines such as ecology, hydrology,
meteorology, epidemiology, and energy systems (Kloog et al., 2014; Li
et al., 2017; Peng et al., 2014; Tatem et al., 2004; Zhou et al., 2014b;
Zhou et al., 2013; Zhou and Gurney, 2010; Zhou et al., 2012). Solar
radiation, atmospheric condition, and land surface characteristics all
affect LST, therefore LST has strong spatiotemporal variations (Peng
et al., 2014; Zhang et al., 2015). LST products with different spatial and
temporal resolutions have been developed from remotely sensed data
such as Landsat 8 with 100 m resolution (Roy et al., 2014), Moderate
Resolution Imaging Spectroradiometer (MODIS) with 1 km resolution
(Wan, 2013), Meteosat Second Generation Spinning Enhanced Visible

and Infrared Imager (MSG-SEVIRI) with 3 km resolution (Aminou,
2002), and Advance Microwave Scanning Radiometer-Earth Observing
System (AMSR-E) with 25 km resolution (Cavalieri et al., 2014). Among
them, MODIS LST has some advantages including 1 km spatial resolu-
tion, relatively high temporal resolution (four overpasses from two
satellites per day), global coverage, and more than ten years of data,
which makes it one of the most widely used LST products, especially for
large spatial scale (i.e. continental and regional) and long-term (multi-
seasons to years) studies (Clinton and Gong, 2013; Imhoff et al., 2010;
Li et al., 2017; Peng et al., 2011; Tan and Li, 2015; Zhang et al., 2014;
Zhao et al., 2014; Zhou et al., 2014a). However, the availability of
MODIS LSTs is severely impacted by a number of factors such as clouds,
shadows, and other atmospheric conditions, which result in missing
LSTs (Crosson et al., 2012; Hu and Brunsell, 2013; Wan, 2013). Tem-
porally aggregating daily LST to a coarser temporal resolution (i.e., 8-
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day, month, seasonal, and yearly) is a widely used approach, to increase
spatial coverage of MODIS LST, especially the 8-day LST which is a
widely used product. Although this product is advanced for its im-
proved spatial coverage, temporal information could be limited because
of using an average temperature. As such, the 8-day LST is not useful in
applications that require knowledge of its temporal variations including
impacts of temperature on humans, e.g., mortality (Shi et al., 2015),
and natural ecosystems, e.g. tree species distribution (Zimmermann
et al., 2009). Other studies also suggested that temporally aggregated
LSTs may introduce bias, for example, in quantifying the intensity of
surface urban heat island (SUHI) (Hu and Brunsell, 2013). Therefore, a
seamless dataset of daily LST is still urgently needed, particularly for
urban related studies.

A number of methods and algorithms have been developed and
applied to fill the gaps in remotely sensed data (Gerber et al., 2016;
Poggio et al., 2012; Shen et al., 2015; Weiss et al., 2014). They can
generally be grouped into four categories. The first category combines
data of different overpasses of the same satellite or data from different
satellites on the same day (Crosson et al., 2012; Duan et al., 2017; Kou
et al., 2016; Shwetha and Kumar, 2016). The second category estimates
the missing values based on empirical relationship between available
LST and auxiliary data, such as latitude, longitude, elevation, normal-
ized difference vegetation index (NDVI), and surface moisture (Fan
et al., 2014; Ke et al., 2013). The third category fills the gaps by relying
on temporal, spatial, or spatiotemporal information of the LST dataset
itself using temporal interpolation (Kilibarda et al., 2014; Xu and Shen,
2013), spatial interpolation (Ke et al., 2013; Yang et al., 2004), and
spatiotemporal gapfilling methods (Sun et al., 2017; Weiss et al., 2014;
Zeng et al., 2015). The fourth category is hybrid method(s), which
combines several methods mentioned above (Metz et al., 2014; Neteler,
2010; Weiss et al., 2014). Among these, the hybrid method is most
promising for filling MODIS daily LST gap as it utilizes the advantages
of these methods but avoids their disadvantages.

Currently, high spatiotemporal (e.g., 1 km and daily) LST datasets
are not widely available. One main reason is the challenge of effectively
filling MODIS LST gap, while ensuring a high quality data product,
especially for large areas. MODIS daily LST has significant spatio-
temporal variations, including long term trend (e.g., seasonal trend),
and short term variations (e.g., daily and diurnal variation). Most
gapfilling methods currently are designed for reconstructing the
missing value of datasets (parameters) with relatively small or no short
term variation (e.g., vegetation index (Gao et al., 2008; Julien and
Sobrino, 2010), snow cover (Gao et al., 2010; Parajka and Blöschl,
2008)), therefore they are not effective for reconstructing daily LST
which has high temporal dynamics. For example, temporal interpola-
tion can completely fill the gaps rapidly, but it has difficulty in re-
constructing the fine scale temporal variation and may miss high or low
LSTs (Metz et al., 2014; Xu and Shen, 2013). Spatiotemporal gapfilling
appears to be the most suitable method to reconstruct the missing value
of remotely sensed data with high spatiotemporal variation (Sun et al.,
2017; Weiss et al., 2014). It has been applied to fill gaps in Landsat ETM
+ SLC-off images (Chen et al., 2011; Zhu et al., 2012), but it requires a
significant amount of computing time for filling MODIS daily LST gaps,
because of their large spatial and long temporal extent (Weiss et al.,
2014). Monthly aggregated LST was used to decrease the computing
time cost by Weiss et al. (2014) for gapfilling 8-day LST in Africa.
However, temporally aggregating LST will lead to losing of fine scale
variation and may introduce extra uncertainty.

MODIS LST from Terra and Aqua satellites, with four daily ob-
servations (i.e. four overpasses), provides an opportunity to fill the
missing values for a given time using values from the other three times.
For example, Crosson et al. (2012) used Terra LST to fill Aqua LST gap

and increased data coverage of Aqua LST by 24% and 30% for daytime
and nighttime overpasses, respectively, in the conterminous U.S.
Therefore, adding an additional step of merging four daily observations
of MODIS LST provides a potential opportunity to increase the effi-
ciency of spatiotemporal gapfilling as it will decrease not only the
number of missing data but also the spatial and temporal extent of the
gaps. This strategy has been successfully applied to fill the gaps in snow
cover (Gao et al., 2010; Parajka and Blöschl, 2008) and create daily air
temperature (Ta) dataset (Huang et al., 2015; Zhang et al., 2016), but it
has not been integrated with current gapfilling methods to fill MODIS
daily LST gap.

With the increasing demand for high spatiotemporal LST dataset
and the inefficiency of current gapfilling method in filling MODIS daily
LST gap for large areas, this study aimed to (1) develop a hybrid gap-
filling method, which is more efficient for gapfilling large scale MODIS
daily LST; and (2) create a 1 km resolution daily LST dataset at about
1:30 pm (approximating daily maximum) and 1:30 am (approximating
daily minimum), local times for urban and surrounding areas in the
conterminous U.S. in 2010, but the methodology presented here can be
readily applied to other years. The remainder of this paper describes the
study area and source data (Section 2), details of the hybrid method
(Section 3), results and discussions (Section 4), and conclusions
(Section 5).

2. Study area and data

We focused our analysis of LSTs on urban and surrounding areas in
the conterminous U.S. Urban areas are vulnerable to environmental
changes and influenced strongly by weather/climate conditions. For
example, temperature in the urban areas is usually higher than that in
the rural areas, known as urban heat island (UHI) effect. The dynamics
of urban systems in turn affect their environment, and those of sur-
rounding areas (i.e. sub-urban systems), for example through the for-
mation of SUHI. However, we have limited understanding of the spa-
tiotemporal characteristics and driving factors of SUHI and their
environmental impacts due to a lack of required high spatiotemporal
resolution temperature datasets in urban systems. In this study, we
focused on developing a seamless 1 km resolution daily LST dataset,
which will help us better understand high spatiotemporal character-
istics of the urban thermal environment. The focus on urban areas will
help test the effectiveness of the proposed gapfilling method because of
larger gaps in such areas, as compared to the rural areas (Hu and
Brunsell, 2013; Shen et al., 2015). In addition, the focus on con-
terminous U.S., instead of a single region or city, will help us test the
robustness of the proposed method because of a large number of urban
areas with different degrees of heterogeneity. We also included the
surrounding sub-urban areas to be able to assess the effects of urbani-
zation on the urban environmental conditions (e.g., SUHI).

The urban areas in this study were defined by the urban map de-
veloped based on the Defense Meteorological Satellite Program/
Operational Linescan System (DMSP/OLS), nighttime stable light data
(NTL) in 2010 using a cluster method (Zhou et al., 2014c; Zhou et al.,
2015). The surrounding sub-urban areas were defined to have an extent
similar to the urban area, but beyond its boundary, i.e. a buffer zone
with equal size to its corresponding urban area (Li et al., 2017; Peng
et al., 2011; Zhou et al., 2014a).

The source dataset is MODIS 1 km resolution daily LST product V6
from instruments on the National Aeronautics and Space
Administration (NASA) Earth Observing System (EOS) Terra and Aqua
satellites (MOD11A1 and MYD11A1). The MODIS LST is derived from
two thermal infrared bands 31 (10.78–11.28 μm) and 32
(11.77–12.27 μm) using the generalized split-window algorithm (Wan,
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2013, 2014; Wan and Dozier, 1996). These daily LST data include four
overpasses with two daytime imagery (i.e. 10:30 am on Terra (T1) and
1:30 pm on Aqua (T2)) and two nighttime imagery (i.e. 10:30 pm on
Terra (T3) and 1:30 am on Aqua (T4)), all in local crossing times. The
LST data together with ancillary information (i.e., view angle and view
time) were obtained from Land Processes Distributed Active Archive
Center (LP DAAC).

3. Methods

Considering data availability and the advantage and disadvantage
of different gapfilling methods (or algorithms), we developed a hybrid

method to build the seamless daily LST. This hybrid method includes
four steps: (1) pre-processing: minimizing the impacts of view angle and
view time; (2) daily merging: merging or compositing four MODIS daily
LSTs; (3) spatiotemporal gapfilling: filling the gaps based on the spa-
tiotemporal information of the daily merged LST; and (4) temporal
interpolation: filling the remaining gaps using a temporal interpolation
method based on the output of spatiotemporal gapfilling. Fig. 1 illus-
trates the steps for this hybrid method by showing how a gap in T2 is
filled, as an example. In the following section, we described details for
each step.
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Fig. 1. Schematic illustration of the hybrid gapfilling method, using T2 as an example. (This schematic illustration is also applicable for T4 using the regression method for T3 and the
shift method for T1 and T2).
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3.1. Step 1: data pre-processing

The first step is pre-processing the MODIS LST source data to
minimize the effects of view angles and times (Duan et al., 2014a; Hu
et al., 2014). MODIS daily LST data has view angles ranging from 0 to
65 degrees, which has significant impacts on the retrieved LST (Hu
et al., 2014; Jin, 2004). We only used LST with view angle smaller than
45 degrees, because view angle effect on LST is relatively smaller for
angles smaller than 45 degrees (Jin, 2004). Another source of un-
certainty in MODIS LST data is caused by variation of viewing time. For
example, view time for T1 is assumed as 10:30 am local time, however,
it usually varies from 10:00 am to 12:00 pm local time (Duan et al.,
2014a). Two methods can be used to temporally normalize daily LSTs at
different view times: diurnal temperature change (DTC) model (Duan
et al., 2014b; Jin and Dickinson, 1999), and linear regression model
(Duan et al., 2014a). The limited number of daily overpasses and re-
latively large number of missing LST values prohibit the use of DTC
model. We applied the linear regression model and used the parameters
(slopes) obtained by Duan et al. (2014a) to normalize T1 to 11:00 am
local time, assuming a linear change of LST from 10:00 am to 12:00 pm
local time. The study of Duan et al. (2014a) indicated that this method
can achieve a root mean squared error (RMSE) of 0.5 K in estimating
LST at 11:00 am local time. We did not temporally normalize T2 be-
cause of its nonlinear change during the period of view times as shown
in DTC curves (Duan et al., 2014b; Jin and Dickinson, 1999), and the
absence of needed correction parameters. We did not correct the effect
of view time on T3 and T4, because they are small, which is verified by
DTC curves (Duan et al., 2014b; Jin and Dickinson, 1999). A quality
assessment (QA) flag is usually used to select high quality LST data. We
did not filter LSTs based on QA because the QA in urban areas is de-
monstrated to be only partially reliable (Bechtel, 2017), and there are
very few available LSTs if, for example, a QA threshold of LST
error < 1 K is applied.

3.2. Step 2: daily merging

Two methods can be used to estimate LST at a given time based on
the values at three other times: (1) DTC model (Duan et al., 2014b; Jin
and Dickinson, 1999), and (2) linear regression (Coops et al., 2007) or
shift (Crosson et al., 2012). Considering data availability and com-
puting efficiency, we used linear regression (Coops et al., 2007) and
shift (Crosson et al., 2012) method. Fig. 2 shows the daily merging for
T2 by applying this procedure to one pixel as an example. To estimate
T2 based on T1, we first built a linear regression model with T2 as
dependent variable and T1 as independent variable based on available
time series of LSTs in a year, then this relationship was used to estimate
the missed T2 if T1 is available. Due to the non-linear relationship
between daytime and nighttime LSTs (i.e. T2 and T4), we applied the
shift method (Crosson et al., 2012) to estimate the missed T2 based on
available T3 and T4. Crosson et al. (2012) used seasonally averaged
shift to estimate daily LSTs, which means an equal shift is used for all
days of each month. We estimated daily shift by temporally inter-
polating monthly averaged shift to include variations of LSTs. For ex-
ample, to estimate T2 using T3, we first calculated daily LST difference
(shift) between T2 and T3 (black point in the central subplot in Fig. 2).
Then, we estimated the average shift for each month and linearly in-
terpolated them to estimate the shift for days on which T2 is not
available (green line in the central subplot in Fig. 2). Finally, the esti-
mated shift was added to T3 as the estimation of T2 using T3. After
applying the linear regression and shift method, we obtained four time
series of T2 (the third column in Fig. 2), and composited them in the
priority order of observed T2, and estimated T2 from T1, T3, and T4 as
the final LSTs by daily merging (the fourth column in Fig. 2). Similar
approach was applied to gapfill missing values of T4 using a linear
regression method for T3 and a shift method for T1 and T2. The four T4
LSTs were composited in the order of observed T4, and estimated T4
from T3, T2, and T1.

Fig. 2. Daily merging of four LST observations to gapfill T2, applying to a single pixel as an example. LST observation of four overpasses (First column), estimation model (linear
regression and shift) with LST of another three overpasses (second column), estimated LST of the four overpasses (third column), and the final estimation (fourth column). A similar
approach is applied for T4 with a regression method for T3 and a shift method for T1 and T2.
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3.3. Step 3: spatiotemporal gapfilling

We completed the spatiotemporal gapfilling based on the spatial
and temporal information from the daily merged LSTs. We chose spa-
tiotemporal gapfilling instead of spatial interpolation or temporal in-
terpolation because of its higher accuracy. Two powerful spatio-
temporal gapfilling algorithms, the algorithm from R Gapfill package
(Gerber et al., 2016) and the python coded algorithm (Weiss et al.,
2014) are available for this purpose. We used the R Gapfill package for
two major reasons: (1) the comparison by Gerber et al. (2016) shows
that the algorithm from the Gapfill package performs better, and (2) the
python coded algorithm uses monthly averaged data as a reference,
which may lose temporal variations, and no temporal aggregation
needed in the Gapfill package. The Gapfill package is designed to fill the
missing values in remote sensing data based on observations within a
spatial and temporal window expressed in four-dimensions (x (long-
itude), y (latitude), day, and year). The gapfilling process is performed
for each pixel and the procedure includes two steps; (1) sub-setting the
data using a four-dimensional window defined by λ1, λ2, λ3, and λ4,
which correspond to the dimensions of x, y, day, and year in all di-
rections, respectively. Fig. 3A shows an example of the sub-setting for
filling the gap marked as a red star on day 226 with λ1 = λ2 = 10,
λ3 = 4, and λ4 = 0; (2) estimating the missing value using a quantile
regression method based on the selected subset of data. Fig. 3B shows
an example for this procedure. Score values were first calculated for
each of the nine subsets through pixel-wise comparisons of non-missing

values, assuming the values of each subset have similar spatial but
shifted temporal patterns. Based on these score values, the subsets are
ranked, and the rank values are recorded. Then the quantile at the lo-
cation of the missing value (i.e., the red star), is calculated for each
subset and averaged. A quantile regression model is then built using the
observed LSTs as a dependent variable and the ranks of the subsets as
an explanatory variable, based on the estimated quantile. Finally, this
regression is applied to estimate the LST value for the gap. The details
of the algorithm can be found in Gerber et al. (2016).

The spatiotemporal window size determines the performance of the
gapfilling method, including percent gaps filled, accuracy, and com-
puting time cost (Gerber et al., 2016). Gapfill adopts a dynamic spatial
window size, which adapts to the local distribution of missing values.
An initial window size is first defined by λ1, λ2, λ3, and λ4, and then
two criteria are evaluated: (1) number of non-empty area/image, with
minimum requirement of having at least one available LST value, must
be higher than λ5, (2) number of available LST for the area/image
under consideration must be higher than λ6. If both criteria are sa-
tisfied, the quantile regression is performed and the missing value is
calculated. Otherwise, the spatial window size (λ1= λ2) increases
until both criteria are fulfilled. However, increasing the spatial window
size will also increase required computing time and may also result in
decreased accuracy in the calculated LST. To increase gapfilling effi-
ciency, another parameter, λ7 is set to define the maximum window
radius increase, beyond which the gapfilling process is considered un-
successful. Considering the high spatiotemporal variation of LST,

Fig. 3. Schematic illustration of the spatiotemporal gapfilling method, using one pixel of missing value marked as a “red star” on day 226 as an example. Sub-setting of the data is based
on a window size of λ1 = λ2 = 10, λ3 = 4, and λ4 = 0 (A), for this example. The procedure for quantile regression (B), is adapted from Gerber et al. (2016). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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according to published literatures (Gerber et al., 2016; Zeng et al.,
2015) and sensitivity analysis for the spatial and temporal window
radius (λ3 and λ7, see details in Supplementary data), we set these
parameters to: (1) λ1= λ2 = 10 pixels, (2) λ3= 4, which means that
each subset has 9 potential areas/days, (3) λ4= 0, which indicates
only LST of the studied year is used as input considering the spatial
pattern of LST in urban and surrounding areas in other years could be
greatly different, (4) λ5= 4, which means the 9 areas/days of the
subset must have at least 4 areas/days with LST data, (5) λ6 = 5, which
means the area/days under consideration must have at least 5 LST
observations, and (6) λ7 = 20, which constraints the maximum spatial
window size to be 30 (λ1 + λ7) pixels in all directions.

There exist some outliers (speckles) in the spatiotemporally gap-
filled LSTs. We identified and removed these outliers using a time series
analysis, instead of spatial analysis, because the latter approach may
introduce bias in the LST variations due to factors such as land cover
types, topography, and contaminated pixels (Hu et al., 2014). In the
time series analysis, we first fitted a third order polynomial curve for
the observed T2/T4 to remove the temporal (seasonal) trend, and cal-
culated standard deviation of the residual (observed residual). Then, we
calculated the residual of the gapfilled LST (gapfilled residual) based on
the previously fitted third order polynomial curve. Pixels with the
gapfilled residual outside 3 standard deviations of the observed residual
were treated as outliers and removed. Three standard deviations were
determined by considering the balance between omission and com-
mission of the outliers. More details of the outlier determination are
listed in Supplementary data.

We tested two different approaches to fill the remaining gaps be-
cause the spatiotemporal gapfilling algorithm could not fill all the gaps,
mainly because there were not sufficient number of available LSTs
within the 30 pixels radius window. One approach was to repeat the
spatiotemporal gapfilling by using the gapfilled LSTs as input (Sun
et al., 2017; Weiss et al., 2014), and the second approach was to fill the
gaps using temporal interpolation (the third step). We found the former
have higher accuracy with RMSE of 3.5 K (T2) and 3.3 K (T4) by re-
peating spatiotemporal gapfilling, lower than 5.1 K (T2) and 4.5 K (T4)
by temporal interpolation. Therefore, we repeated the spatiotemporal
gapfilling with the filled LST as input until no extra gaps could be filled.

3.4. Step 4: temporal interpolation

After the spatiotemporal gapfilling, a small percentage of gaps
(about 1% of the study area) still exist, especially in areas where gaps
are large and the urban areas (patches) are small and scattered. Increase
of the spatial window size in the spatiotemporal gapfilling can gapfill
all missing LSTs, but it is not efficient for a small percentage of gaps as
it requires a large amount of computing time. Therefore, we used a
temporal interpolation method to fill the remaining gaps considering its
better efficiency for a small percentage of gaps.

4. Results and discussion

4.1. Gapfilling daily LST using the hybrid method

Different steps of the hybrid method have different roles in filling
the LST gaps. Available MODIS daily LST covers< 30% (28.4% and
28.3% for T2 and T4, respectively) of the study area (Fig. 4). This
number is lower than that summarized by Crosson et al. (2012) for the
conterminous U.S. for two reasons: (1) data availability is intrinsically
lower in urban areas than that in rural areas (Hu and Brunsell, 2013; Xu
and Shen, 2013), and (2) we did not include LSTs with view angle
larger than 45 degrees. Daily merging of the four observations increases
LST coverage by 123.1% and 124.7% for T2 and T4, respectively, which
cover 35% and 35.2% of the study area, correspondingly (Fig. 4). Daily
merging can also reduce the spatial and temporal extent of the gaps,
therefore, it can increase the efficiency of spatiotemporal gapfilling, in a
subsequent step. This will be discussed in the following paragraphs.
Spatiotemporal gapfilling has an equal role to the daily merging, ac-
counting for 36% of the study area. Finally, temporal interpolation fills
the remaining 1% gaps (Fig. 4).

The number of observed and gapfilled LSTs shows significant spatial
variation. Taking T2 on day 204 as an example, observed LSTs cover
37.2% of the entire U.S. There are large number of missing values in
many states in Western (e.g., California, Washington), Midwest (e.g.,
Missouri, Arkansas), and Eastern (e.g., New Jersey, Massachusetts) re-
gions of U.S. (Fig. 5A). By merging daily LSTs from the four overpasses,
LST coverage increases to 65% for the entire U.S. Daily merging fills
most of the missing values in Western and Midwest U.S. but fails in
filling the gaps in Eastern region because no LSTs are available for all
the four satellite overpasses (Fig. 5B). Fortunately, the spatiotemporal
gapfilling completely fills the remaining gaps for all regions using
available LSTs in their spatial and temporal neighbors (Fig. 5C). The
spatial distribution of observed and gapfilled LSTs for T4 on day 204 is
similar to that for T2 (Fig. S5 in Supplementary data).

The LST availability also displays temporal variations. Seasonally,
summer and fall have> 30% observations, while data availability in
winter is< 20% (Fig. 6). Similar temporal pattern is observed for pixels
filled by daily merging, i.e., summer and fall have the largest percent of
filled data, followed by spring and winter. Spatiotemporal gapfilling
plays a larger role in winter, filling> 50% of the total missing pixels.
There are more variations in data availability on a daily basis (Fig. S6 in
Supplementary data) than that at seasonal level.

In addition to the number of missing LSTs, the temporal extent
(consecutive days) of missing LSTs also shows strong spatial and tem-
poral variations. Taking three urban sites in Atlanta, Los Angeles and
New York City (NYC) as examples, all three sites, for both T2 and T4,
have missing LSTs for> 200 days, with maximum temporal extent
ranging from 10 days for T4 in Los Angeles to 24 days for T4 in NYC
(Fig. 7, Table 1). Daily merging increases LST coverage by> 100 days
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Fig. 4. Percent of total number of pixels (i.e. area) for the
observed and gapfilled LSTs in 2010, for the conterminous
U.S., based on proposed approach in this study (STP1:
daily merging, STP2: spatiotemporal gapfilling, STP3:
temporal interpolation, STP2_S1: STP2 using output of
STP1 as input, STP2_S2: repeating STP2 using the output of
STP2 as input).
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(107–152), and LST coverage increases to about 200 days in NYC and
to> 240 days in the other two cities. Daily merging fills almost all
missing values for the summer period in Los Angeles. However, there is
still a large number of missing LST values especially in Atlanta and NYC
(> 100 days). Fortunately, the temporal extent of the gap decreases
significantly to< 10 days, which enhances the efficiency of the fol-
lowing spatiotemporal gapfilling. The subsequent spatiotemporal gap-
filling fills all remaining missing values, and no additional temporal
interpolation is needed (Table 1).

4.2. Validation and uncertainty of the gapfilled LSTs

We conducted a stepwise accuracy assessment for the gapfilled LSTs
to estimate the combined uncertainty caused by the algorithms them-
selves, and error propagation when the output of previous steps is used
as input of the following steps. Taking T2 as an example, we assumed
all observations of T2 were missing and performed the hybrid gapfilling
using the output as input. The finally estimated T2 is compared with the
observed T2 to estimate the accuracy of each step for 20 randomly
selected days. The overall RMSEs are 3.3 K for T2 and 2.7 K for T4, with
the mean absolute error (MAE) of 2.4 K for T2 and 1.8 K for T4, with
corresponding R2 of 0.93 for T2 and 0.94 for T4, respectively (Fig. 8).
The RMSE values are higher than those gapfilling MODIS 8-day LSTs
(Weiss et al., 2014; Xu and Shen, 2013), mostly due to a larger number
of missing data and larger spatiotemporal extent of daily LST gaps
(Weiss et al., 2014). In addition, the daily LST has much higher varia-
tion than the 8-day LST, which also increases the calculated RMSE.
Finally, we obtained higher RMSE values as we focused on the urban
areas, where LSTs have more variation and uncertainty than that in the
rural areas. The RMSE values for our method are, however, comparable
to the daily estimation using spatially coarser LST retrieved from pas-
sive microwave data (Kou et al., 2016; Shwetha and Kumar, 2016).

There are large variations of the RMSE among different steps. The
day-day merge and night-night merge show the lowest RMSE (2.2 K for
T2 and 1.5 K for T4) (Table 2). This is not surprising as the viewing
times of the overpasses are close (about 3 h) (Crosson et al., 2012).
However, RMSEs for day-night merge is much larger and is estimated to
be > 4 K, for example when estimating T2 by T4 (Table 2). There are
two possible reasons for this: (1) there is high probability of change in
environmental conditions (e.g., cloud and wind) between the daytime

Fig. 5. Spatial distribution of observed and gapfilled LSTs (T2) on day 204.
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and nighttime LSTs, which increases the uncertainty of estimating
daytime LST using nighttime LST and vice versa; (2) a temporal inter-
polation is used to estimate the daily day-night shift/difference, which
may generate larger uncertainty because only temporal information is
used. Theoretically, this shift/difference can be estimated using the
spatiotemporal gapfilling method, however, the large number of
missing values prohibits this approach. The spatiotemporal gapfilling
(step 2) results in high accuracy as expected, demonstrating the im-
portance of integrating both spatial and temporal information si-
multaneously to fill the missing values in spatiotemporal data (Sun
et al., 2017; Weiss et al., 2014). The third step, temporal interpolation
shows the largest uncertainty because of the simplicity of the temporal
interpolation algorithm itself, and the error propagation. Together with
the gapfilled LSTs, we also produced an associated layer which records
the corresponding LSTs (i.e., T1, T2, T3, or T4) used by daily merging
and gapfilling steps (i.e., first round spatiotemporal gapfilling, repeated
spatiotemporal gapfilling, and temporal interpolation). Therefore, the
accuracy of gapfilled LSTs at the pixel level can be inferred based on the
value of the associated layer and the corresponding RMSE.

The accuracy of the gapfilled LSTs was further evaluated by

comparing the temporal variation between the gapfilled LST and Ta
from Global Historical Climatology Network-Daily (GHCND) observa-
tions (Neteler, 2010; Shwetha and Kumar, 2016). Taking three selected
weather stations in Atlanta, Los Angeles, and NYC as examples, the
gapfilled LSTs display similar seasonal trend and daily variations as
compared with Ta (Fig. 9). The magnitude of LST and Ta values are
different, and LST usually shows larger range and variation than Ta. For
example, T2 is larger than maximum Ta, and T4 is smaller than
minimum Ta. This is understandable because LST and Ta are driven by
different mechanisms (Gallo et al., 2011; Good, 2016). It should be
noted that variations of LST and Ta do not match well in some days.
This is probably due to different impacts of factors such as land cover
and environmental conditions on temporal characteristics of LST and Ta
(Gallo et al., 2011; Good, 2016; Oyler et al., 2016).

4.3. Comparing with other gapfilling methods

We compared the performance (e.g., RMSE, percent gaps filled, and
computing time) of the hybrid method against two other widely used
methods: temporal interpolation and spatiotemporal gapfilling. We

Fig. 7. Temporal pattern of observed and gapfilled LSTs: in Atlanta (first row), Los Angeles (second row) and New York City (third row); (OBS: observed-red, STP1: daily merging-green;
STP2: spatiotemporal gapfilling-blue dots). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1
Total number of LST gaps, maximum gap, and filled LSTs by each step for the three example urban sites.

Observed (days) Daily merging (days) Spatiotemporal gapfilling (days)

Gaps Max gap Filled Gaps Max gap Filled Gaps

Atlanta T1 259 13 138 121 7 121 0
T4 265 21 142 123 7 123 0

Los Angeles T1 232 11 152 80 9 80 0
T4 217 10 136 81 9 81 0

New York City T1 272 17 107 165 9 165 0
T4 290 24 122 168 9 168 0
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added artificial gaps in LSTs for 20 randomly selected days using gaps
of another 20 random days, then filled these gaps using the three
methods, respectively. Finally RMSE, percent gaps filled, and com-
puting time were estimated and compared for the three methods, taking
T2 of MODIS tile “h11v04” as an example (Table 3). Temporal

Fig. 8. A comparison of observed and gapfilled daily LSTs
for T2 and T4.

Table 2
Stepwise accuracy assessment of the gapfilled LST (step1: daily merging, step2: spatio-
temporal gapfilling, step3: temporal interpolation, S1: spatiotemporal gapfilling using
daily merged LST as input; S2: repeating spatiotemporal gapfilling using the output as
input).

T2 T4

RMSE (K) R2 (%) RMSE (K) R2 (%)

All steps 3.29 93.31 2.68 93.5
Daily merging 3.32 92.86 2.51 93.92

T1 2.15 97.75 T3 1.5 97.92
T3 3.79 88.17 T2 3.72 86.2
T4 4.14 85.78 T1 3.21 86.54

Spatiotemporal gapfilling 3.08 94.52 3.36 92.07
S1 3.01 94.72 S1 3.38 92.87
S2 3.51 93.39 S2 3.29 87.98

Temporal interpolation 5.35 93.11 4.06 83.31

Fig. 9. Temporal patterns of Ta and gapfilled LSTs: in Atlanta (first row), Los Angeles (second row), and New York City (third row).

Table 3
A comparative analysis of the performance of three gapfilling methods (Taking T2 of
MODIS tile h11v04 as an example).

Method RMSE (K) Percent gaps filled
(%)a

Computing time
costb

Temporal interpolation 3.99 100 0.00008
Spatiotemporal

gapfilling
3.95 77 4.48

The hybrid method 3.35 100 1

a Pixels of filled LST including observed LST divided by total pixel in the study area.
b Relative to the computing time cost by the hybrid method.
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interpolation shows the least computing time cost, but the largest RMSE
(about 4.0 K). This is understandable for the simplicity of the algorithm,
which only uses information from neighboring days. Spatiotemporal
gapfilling shows similar RMSE (4.0 K) to temporal interpolation. This is
because there are large gaps in the input LST and the spatiotemporal
gapfilling needs to repeat the gapfilling routine many times to fill these
gaps. For example, in 17 of 20 tested days it repeats> 10 times. If we
only perform the spatiotemporal gapfilling once using the observed LST
as input, we can obtain a low RMSE (1.9 K), but only 40% of gaps can
be filled. Accordingly, the efficiency of the spatiotemporal gapfilling
decreases with the increase of repeats because of the large size of gaps.
The proposed hybrid method effectively solves these problems by
merging daily LSTs of four observations, which not only fills the gaps
directly, but also decreases the size of the gaps (Table 1). After merging
daily LSTs, the average number of repeats in the spatiotemporal gap-
filling decreases from 22 to 4 for the tested days, resulting in a higher
accuracy and less computing time, as compared to the other two
methods.

We performed independent assessment of accuracy for each step of
the hybrid method to better understand sources of uncertainties. We
added artificial gaps in LSTs in 20 randomly selected days using gaps in
another 20 random days and performed daily merging, spatial temporal
gapfilling, and temporal interpolation using the same LST input, re-
spectively. We calculated RMSE between observed and gapfilled LSTs
for pixels that can be filled using these three methods. Similar to the
result of stepwise accuracy assessment, this independent accuracy as-
sessment shows that the day-day merging and night-night merging have
the highest accuracy, followed by spatiotemporal gapfilling (Table 4).
However, we found that the day-night merging shows similar RMSE to
that of temporal interpolation (Table 4). One possible reason is that the
daily day-night LST shift/difference is also estimated using a temporal

interpolation method. We further tested the hybrid method without
day-night merging and found that: (1) day-night merging can both in-
crease and decrease the overall accuracy, depending on the accuracy of
day-night merging; that is, including day-night merging can increase
the accuracy of the hybrid method if day-night merging can achieve
high accuracy; (2) this approach can reduce computing time sig-
nificantly for the later spatiotemporal gapfilling step because it de-
creases the number of gaps and also the spatial and temporal extents of
gaps. Therefore, we included the day-night merging even though it may
increase errors in some pixels, considering that it offers significant
improvement in efficiency in later spatiotemporal gapfilling step
especially for large scale applications (e.g., the conterminous U.S.), and
given that the overall accuracy is comparable with previous studies
(Kou et al., 2016; Shwetha and Kumar, 2016). A promising research
opportunity in future is to improve the overall efficiency with reduced
uncertainties in day-night merging approach.

4.4. Spatiotemporal patterns of gapfilled LSTs and their comparisons with
independent datasets

The annual mean gapfilled LSTs for conterminous U.S. in 2010
displays a clear spatial pattern (Fig. 10). First, it follows latitudinal
gradient with lower values in higher latitude areas because of the
change of solar radiation. Second, LSTs in Eastern U.S. are lower than
those in Western U.S., especially in daytime, which is consistent with
the spatial distribution of land areas covered by forests and croplands in
the Eastern region mitigating the effects of solar heating. Third, urban
areas are hotter than their surrounding areas, which is consistent with
the widely observed and reported influence of UHI phenomenon. The
seasonal mean gapfilled LSTs show a similar spatial pattern to that of
the annual mean gapfilled LSTs (Figs. S7–S8 in Supplementary data).

In addition to the regional variation, the gapfilled LSTs also display
strong local variation as observed in three example metropolitans il-
lustrated in Fig. 11 for T2 on day 204. The consistently higher LSTs are
distributed in urban centers and decrease with the increase of distance
to the center of urban areas. In addition, the LST map displays heat
archipelagos with strong variation even in the highly urbanized areas. It
should be noted that LSTs in these three regions are from different
sources: Atlanta is from observation, Los Angeles from daily merging,
and NYC from spatiotemporal gapfilling. This demonstrates different
steps of the hybrid gapfilling method can reconstruct the missing LSTs
very effectively.

One noticeable feature of the gapfilled LST dataset based on our
proposed method as compared with other seamless temperature

Table 4
Independent accuracy assessment of each step of the hybrid method.

T2 T4

RMSE (K) R2 RMSE (K) R2

Daily merging T1 1.47 0.96 T3 1.44 0.99
T3 2.44 0.93 T2 2.90 0.96
T4 2.72 0.93 T1 2.24 0.98

Spatiotemporal gapfilling 2.00 0.93 1.53 0.98
Temporal interpolation 2.45 0.95 2.27 0.98

Fig. 10. Spatial pattern of annual mean gapfilled LSTs for the conterminous U.S. in 2010.
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datasets is its ability to capture the details of spatial heterogeneity in
urban areas. Since there is no other seamless and daily LST dataset
available for this purpose, we compared the derived gapfilled LSTs with
Daymet, a 1 km resolution daily Ta dataset (Thornton et al., 2016). The
gapfilled LSTs show a stronger spatial variation than the Daymet
(Fig. 11). This is probably because Ta is intrinsically less heterogenous
than LST, and the Daymet data is produced based solely on elevation
and does not take into account the changes in land surface character-
istics (e.g., urbanization impact on land use and land cover). It has been
reported that LST can be a valuable source data for creating high spa-
tiotemporal Ta dataset (Good, 2015; Kilibarda et al., 2014). Given that
most currently available LST datasets are either too coarse in resolution
(spatial or temporal) or they often have too many missing values, the
resulting LST dataset in this study could fill this void and serve as a very
good sources for estimating spatial detail of Ta, especially in the urban
areas, which is usually ignored in most current gridded Ta datasets such
as Daymet.

Another advantage of the resulting gapfilled LST dataset from this
study is the ability to capture the impact of local extreme events which
is missing in the current and widely used 8-day LST datasets (Wan et al.,
2015). Fig. 12 shows the temporal pattern of the gapfilled LST from this
study as compared with the 8-day LST, for the three urban sites in
Atlanta, Los Angeles, and New York City, as an example. Both datasets
capture the seasonal trend of LST being higher in summer as compared
to winter. However, the gapfilled LST captures the daily variation for
extreme events, which are critical for urban environment modeling and
management. It should be noted that the 8-day LST still has missing
values, for example in Atlanta (Fig. 12), while the gapfilled LST com-
pletely fills such gaps.

5. Conclusions

In this study we developed a 3-step hybrid method, including daily
merging, spatiotemporal gapfilling, and temporal interpolation, to fully
fill the gaps in MODIS daily LST based on four daily LSTs observations
from NASA EOS Terra and Aqua satellites. We applied this method to
urban and surrounding areas of the conterminous U.S. for year 2010,
and produced a high spatiotemporal (1 km and daily) LST dataset re-
presenting daily maximum and minimum corresponding to mid-day-
time and mid-nighttime LSTs, respectively. We found the method ro-
bustly fills the gaps in existing LST datasets, especially for relatively
large areas. It fills all the missing values which cover> 70% of the
study area, with a RMSE of 3.3 K, MAE of 2.4 K, and overall R2 of 0.93
for mid-daytime (1:30 pm), and RMSE of 2.7 K, MAE of 1.8 K, and
overall R2 of 0.94 for mid-nighttime (1:30 am). The proposed hybrid
method can be easily extended to other years and other study areas, and
it is also applicable for other remotely sensed data with high spatio-
temporal resolution/variation.

The proposed hybrid method has four major advantages compared
with current methods used for gapfilling MODIS daily LSTs. First, the
spatiotemporal gapfilling, which integrates both spatial and temporal
information, results in higher accuracy compared to other methods that
use either spatial or temporal information only. Second, the proposed
method performs very well for daily LST, and captures daily LST var-
iation and extreme events, better than methods based on temporally
aggregated LST (e.g., 8-day or monthly averaged LST). Third, a daily
merging step is included to decrease computation cost of the spatio-
temporal gapfilling step, and makes the method more efficient espe-
cially for large areas. Finally, the proposed method uses only LST as

Fig. 11. Examples of the gapfilled LSTs (T2) and maximum Ta based on Daymet data in three U.S. metropolitans (Atlanta, Los Angeles, and Philladelphia) on day 204, in year 2010.
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input and it does not rely on other auxiliary datasets, reducing the
difficulty of acquiring such datasets that have their own inherent un-
certainties, thus uncertainty of the final dataset.

The proposed hybrid method aims to integrate multiple com-
plementary algorithms to fill MODIS daily LST for large areas more
efficiently. Its application in the urban and surrounding areas in the
conterminous U.S. shows high efficiency with satisfactory accuracy,
however, it has limitations that can be further improved in future. First,
estimating daytime LST based on nighttime LST and vice versa can
increase computing efficiency significantly, but could also be a major
source of errors in the hybrid method (Table 2). Better algorithm(s) can
be developed to improve overall efficiency and accuracy, particularly
for day-night merging with consideration of using additional environ-
mental datasets such as cloud cover and wind. Second, the spatio-
temporal gapfilling is the most time-consuming among the algorithms
currently used. Improving the efficiency of the spatiotemporal gap-
filling algorithm, or developing new algorithms could be a worthwhile
avenue of research (Sun et al., 2017; Weiss et al., 2014).

It should be noted that similar to other LST gapfilling methods
(Crosson et al., 2012; Metz et al., 2014; Sun et al., 2017; Weiss et al.,
2014; Xu and Shen, 2013; Zeng et al., 2015), the gapfilled LSTs mostly
represent those under clear sky conditions and may overestimate LSTs
for cloudy sky conditions (Metz et al., 2014). Developing high spatio-
temporal LSTs under cloudy sky conditions continues to be a major
challenge, but, the gapfilled clear sky LSTs fill an existing research gap
for studies of urban areas. Despite its limitations, the hybrid method
produces a dataset with a high probability of capturing extreme con-
ditions, which have significant impacts on people, built environment,
and the ecosystem, especially in urban areas. Other propducts, such as
LSTs retrieved from Passive Microwave brightness temperature mea-
surements, such as those from AMSR-E (Duan et al., 2017; Kou et al.,
2016; Shwetha and Kumar, 2016), can be integrated with our gapfilled

LSTs to better represent LSTs under cloudy sky conditions.
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