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Abstract: Land surface temperature (LST) is one of the most important variables for applications
relating to the physics of land surface processes. LST rapidly changes in both space and time, and
knowledge of LST and its spatiotemporal variation is essential to understand the interactions between
human activity and the environment. This study investigates the spatiotemporal variation of LST
according to changes in elevation. The newest version (version 6) of MODIS LST data for 2015 was
used. An area of 40,000 km2 (200 × 200 km2 ) in northwest Vietnam with elevations ranging from
8 m to 3165 m was chosen as a case study. Our results showed that the drop in LST with increased
elevation varied throughout the year during both the daytime and nighttime. The monthly averages
in 2015 and an altitude increase of 1000 m resulted in a decrease in LST ranging from 3.8 ◦ C to
6.1 ◦ C and 1.5 ◦ C to 5.8 ◦ C for the daytime and nighttime, respectively. This suggests that in any
study relating to the spatial distribution of LST, the effect of elevation on LST should be considered.
In addition, the effects of land use/cover and elevation distribution on the relationship between LST
and elevation are discussed.
Keywords: MODIS LST; land surface temperature; LST variation; elevation; northwest Vietnam

1. Introduction
Land surface temperature (LST), defined as the “skin” temperature of the earth surface, is a key
parameter for land-surface processing studies at both a regional and global scale [1–4]. Knowledge of
LST and its spatiotemporal variation within regions is of fundamental importance to understanding
the interactions between human activity (e.g., change in land use) and the environment [5]. As the LST
varies both spatially and temporally, ground-based station observations cannot represent the LST of a
region, particularly in developing countries where weather stations are very sparse. Currently, remote
sensing satellite data is the most suitable way to study LST spatial and temporal variations [6–8].
The most popular remote sensing images used to retrieve LST are moderate resolution imaging
spectroradiometer (MODIS), advanced very high resolution radiometer (AVHRR), enhanced thematic
mapper plus (ETM+), and the advanced spaceborne thermal emission and reflection radiometer
(ASTER). Due to the high temporal resolutions (four times per day) of MODIS LST, its data is widely
applied in remote sensing communities.
MODIS LST data has been available since early 2000 and mid-2002 from Terra and Aqua
satellites, respectively. There are seven MODIS LST products with temporal resolutions of
daily (MOD/MYD11A1, MOD/MYD11B1, MOD/MYD11C1, and MOD/MYD11_L2), eight-day
(MOD/MYD11A2, MOD/MYD11C2), and monthly (MOD/MYD11C3) data. Each product consists
of daytime and nighttime LST. Thus, by using both the Terra and Aqua daily products, the highest
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temporal resolution (i.e., four times per day) can be achieved. In August 2015, version 6 (V6) of MODIS
LST was released and free to download [9]. Wan [10] studied and evaluated MODIS LST version 6
(using Aqua MODIS daily swath data). The results showed that the accuracy was superior to the
previous versions (i.e., V4.1 and V5).
Since available, MODIS LST data has been used for various studies, such as evaluating and
monitoring urban heat islands [11–15], estimating air surface temperatures (Ta) [16–19], retrieving
soil moisture [20,21], drought assessment [22], and hydrology applications [23]. Most of these studies
have shown that the changes of land surface properties (e.g., normalized difference vegetation index
(NDVI), elevation, and land use/cover types) will result in the variations of LST [3]. Among these,
the relationship between LST and NDVI or the effects of land use/cover on LST have been widely
studied [13,24,25]. A few studies have investigated the direct effect of elevation on LST; however,
elevation was found to have an impact on most studies using MODIS LST, particularly those conducted
over a large area where the terrain is variable. For example, in Ta estimation using MODIS LST data,
along with LST, elevation was considered one of the most impactful variables effecting the results of
Ta estimation [14,26,27].
It is known that for a stationary atmosphere, an increase in elevation leads to a subsequent
decrease in air pressure and Ta. This decrease is referred to as the environmental lapse rate and
occurs at any location along the vertical direction [3]. For every 1000 m increase, the environmental
lapse rate varies between 5 ◦ C to 10 ◦ C, depending on the moisture condition [3]. According to
Kenawy et al. [28], different regions show a different variability of Ta, as each region has a unique
terrain [29–31]. Moreover, the variation of Ta was not consistent between high and low land areas.
Beniston [32] found that Ta increased more rapidly at higher than at lower elevations. Being consistent
with Beniston [32], some high mountainous areas in the Tibetan Plateau showed a more rapid change
in temperature than in lower regions [33]. Various studies have investigated the relationship between
Ta and elevation. The majority of these studies used point data from weather stations located 1.5 m
to 2.0 m above the land surface [33–35]. LST and Ta are not equivalent, and their relationship is
multifaceted due to the complex surface energy budget and the multiple related variables between
them [17–19,36]. Therefore, the relationship between Ta and elevation is different from those of LST and
elevation. As mentioned above, the effect of land surface characteristics (e.g., NDVI and soil moisture)
on LST has been studied [3]; meanwhile, the effects of elevation on LST are rarely documented. To the
best of our knowledge, few studies have investigated the direct relationship between LST and elevation
using remote sensing LST data. Recently, Khandelwal et al. [3] assessed the variation of LST with
changes of elevation in Jaipur, India. However, the study used only nighttime MODIS Aqua LST
for three seasons with a narrow elevation range (215 m to 530 m). Furthermore, no studies from
Vietnam have investigated the relationship between LST and elevation using remote sensing image
data, particularly MODIS LST data. It is therefore necessary to assess the spatiotemporal variations of
LST with changes of elevation in northern Vietnam using the MODIS LST V6 data.
The main objectives of this study were to: (i) evaluate and assess the relationship between monthly
LST and elevation for 2015 in northern Vietnam, and (ii) discuss the effects of land use/cover, elevation
distribution, and latitude and longitude on the relationship between LST and elevation.
2. Materials and Methods
2.1. Study Area
The study was conducted in a 40,000 km2 (200 × 200 km2 ) area in northwest Vietnam (Figure 1).
The elevation ranges from 8 m to 3165 m with the majority of areas below 1000 m and a mean elevation
of 800 metres above sea level (m a.s.l). The northwest regions of Vietnam were selected to reduce the
influence of the urban heat island (UHI) effect due to the impact of the capital, Hanoi, on the results.
Uniform study areas of 200 × 200 km2 were chosen to balance the effects of longitude and latitude.
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Figure 1. Location of the study area in northwest Vietnam. (a) Elevation range from advanced
spaceborne thermal emission and reflection radiometer (ASTER) global Digital Elevation Model (DEM)
and (b) land cover from Japanese Aerospace Exploration Agency (JAXA) distribution in the study area.

2.2. Data
2.2.1. MODIS LST
MODIS aboard Terra and Aqua satellites provide daily, eight-day, and monthly LST data at
resolutions of typically 1 km and 6 km. Wan [10] studied and evaluated LST V6 data using Aqua
MODIS and stated that the accuracy was better than for previous versions (i.e., V4.1 and V5) due to
fixes and improvements. The most important improvements were removing cloud-contaminated LST
pixels from MODIS level 2 and 3 products and updating split-window algorithm coefficients [10].
In this study, we assessed the variation of LST due to changes in elevation using eight-day LST
data (daytime and nighttime) from the Aqua satellite MYD11A2. The eight-day MYD11A2 data were
achieved by averaging all valid daily LST data under clear sky conditions. The number of daily
LST data involved in calculating the eight-day LST data vary from two to eight, depending on data
availability [10]. There are 12 science data set (SDS) layers within MYD11A2 data, including LST, quality
control, view time, view angle, clear sky conditions for day and night, and emissivity bands 31 and 32.
For this study, 46 MODIS images (h27v06, V6, 2015) of MYD11A2 product in hierarchical data format
(HDF) were downloaded from the Land Processes Distributed Active Archive Center (LP DAAC) [9].
2.2.2. Elevation
The elevation across the study area ranged from 8 m to over 3165 m (Figure 1). Elevation data
with a spatial resolution of approximately 30 m (1 arc) was retrieved from the U.S. Geological Survey
(USGS) ASTER global DEM. To align the elevation data with LST data, it was resampled to a resolution
of 1000 m using the nearest neighbor sampling approach in ArcMap 10.5 software.
2.2.3. Land Cover
Land use and land cover data were downloaded from the Japanese Aerospace Exploration
Agency (JAXA) [37]. Data was available for spatial resolutions of 15 m and 250 m for 2007 and
2015. The 2015 land use/cover map had a high overall accuracy (89.1%) with a κ coefficient of 0.872.
It included nine different land use/cover classes, with the following eight classes found within the
study area: water, urban and built-up, rice paddy, crops, grassland, orchards, bare land, and forest
(Figure 1b). To be consistent with other data, the map was resampled to 1000 m using the nearest
neighbor sampling approach in ArcMap 10.5 software.
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2.3. Preprocessing and Data Analysis
The MYD11A2 data was downloaded from the LP DAAC website in HDF format using the
sinusoidal projection system [9]. MODIS reprojection tools provided by LP DAAC were used to
reproject MYD11A2 product to the UTM Zone 48 N projection system with WGS84 datum. Among the
12 science data set layers of MYD11A2, LST (day and night) and the quality control (QC) layer were
selected and reformatted to GeoTIFF for further analysis. ArcMap 10.5 was used to analyze the data in
GeoTIFF format.
MODIS LST and QC data in GeoTIFF with a resolution of 926.65 m were resampled to 1000 m
using the nearest neighbor resampling approach. The images were then clipped to the study area
extent using ArcMap 10.5 software.
Cloudy pixels from MODIS LST were removed by the generalized split-window algorithm [38];
however, there were still pixels associated with thin clouds which the algorithm was unable to detect
and remove. The quality information (QC file) of each image was therefore used for removing such
data, and only LST data with an average error below or equal to 2 K were used for further analysis.
All valid LST pixels (in digital number—DN value) were converted to Celsius (◦ C) using the
following equation:
LST (◦ C) = 0.02 × DN − 273.15
(1)
where ◦ C is the temperature in Celsius and 0.02 is the scale factor of the MODIS LST product [9].
2.4. Relationship between LST and Elevation
The spatial and temporal relationship between monthly average LST (◦ C) and elevation (m)
were investigated. Based on the Julian calendar of 2015, we divided the 46 eight-day LST images
into 12 months. We then applied the same rule of calculating an eight-day LST from a daily LST for
calculating the average monthly LST; that is, the monthly LST data was averaged from one to four
eight-day LST data. Linear regression models were used to evaluate the relationship between LST
and elevation.
3. Results
3.1. Spatiotemporal Variation of LST
Figure 2 shows the nighttime and daytime LST average from January to December in 2015 in
northwest Vietnam. In general, the LST ranged from 11 ◦ C to 25 ◦ C during the nighttime and 21 ◦ C to
35 ◦ C during the daytime. It should be noted that, because LST data are not available for a location
(pixel) covered by cloud, therefore, there are some blank pixels (white color) in the daytime and
nighttime (e.g., in June). For all months, the LST for the highest topographic area—from the northwest
to the southeast region—was lower than other areas in the study site. This was clearly seen for both
the daytime and nighttime. The lowest elevation area (northeast) always showed the highest nighttime
LST. However, the highest daytime LST were observed in the south-center region from March to June.
This indicates that not only elevation influences LST, but also other factors, such as land use/cover.
As shown in Figure 1, this area is mainly covered by bare land and crops; however, crop planting
started between April and May, and therefore in the period from March to June, the main land cover
was bare land. This is consistent with the study of Xu et al. [39], which was implemented in the Tibetan
Plateau from 2003 to 2010. In this study, Xu et al. [39] concluded that bare land has the highest mean
LST in comparison to four others land cover types: forest, grassland, water, and snow/ice. The daytime
and nighttime differences indicate that the topography had a higher influence on the nighttime LST
than the daytime LST.
In addition, the different LST between high and low elevations varied across different months
and different times of the day. Figure 2 shows that while the difference in LST between high and low
elevation was not clear for the daytime from June to October, there was a clear difference at nighttime.
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Figure 2. The spatial patterns of the monthly average nighttime (left) and daytime (right) land surface
temperature (LST) in 2015 in northwest Vietnam.

Figure 3 shows the temporal variation of monthly LST from January to December in 2015, in which
the daytime LST was larger than that of the nighttime. This is consistent with the results shown in
Figure 2. It should be mentioned that the average monthly LST were calculated from 40,000-pixel
values (200 × 200) containing different land covers and elevations. Therefore, the values of LST varied
in all months and regions (Figures 2 and 3). LST increased from January to April, reached the highest
in June, and decreased thereafter. June was the hottest month during both the daytime and nighttime,
whereas January and December had the lowest daytime and nighttime LST.

Figure 3. Violin plots show the monthly average LST of the daytime (top) and nighttime (bottom) in
2015 in northwest Vietnam.
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3.2. LST and Elevation
Figure 4 shows the linear regression models between averaged monthly daytime (Figure 4a) and
nighttime (Figure 4b) LST and elevations in northwest Vietnam. The negative correlation confirms
the well-known relationship between temperature and topography [40]. As shown in Figure 4a,b,
the correlation between LST and elevation was stronger at nighttime than daytime, except for four
months: February, September, November, and December. This may reflect that several pixels within
low regions (0 m to 1000 m) had a very low LST, ranging from 0 ◦ C to 10 ◦ C in December and February
and 10 ◦ C to 15 ◦ C in September and November.
The relationship between LST and elevation not only varied between months, but also between
the daytime and nighttime. Figure 4a,b shows that there were stronger correlations in hotter months
(May to August) during the nighttime, whereas a weaker correlation for the hotter months was seen for
the daytime. The highest correlations were observed in October (R2 = 0.701) and in August (R2 = 0.809)
at daytime and nighttime, respectively.
Figure 4a shows that during the day, the linear regression slope ranges from −0.0038 to −0.0061.
This indicates that for each 1000 m elevation increase, the LST decreases from 3.8 ◦ C to 6.1 ◦ C. Based on
the R2 value and the slope, the smallest and largest changes of LST corresponding to the elevation are
in January and July, respectively.

Figure 4. Cont.
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Figure 4. (a) Scatter plots showing the relationship between average monthly daytime LST (D-LST)
and elevation in northwest Vietnam in 2015. (b) Scatter plots showing the relationship between average
monthly nighttime LST (N-LST) and elevation in northwest Vietnam in 2015. The color ramp from blue
to red expresses the point density from low to high.

The intercept varies from 24.77 to 36.18 (daytime) and 12.62 to 25.26 (nighttime) each month
and is slightly higher than the average monthly LST (Figure 3) of the respective month. This was
consistent across all months in 2015 for the daytime and nighttime, indicating a good relationship
between intercept value and average LST value.
For the nighttime (Figure 4b), the linear regression slope varied from −0.0015 to −0.0058; that is,
for each 1000 m elevation increase, the LST decreased from 1.5 ◦ C to 5.8 ◦ C. The lowest and highest
slopes were with LST in December and June, respectively. A strong correlation (R2 of 0.711 to 0.809)
between LST and elevation was observed in May, June, July, August, and October. The correlation
in January, March, September, and November ranged from 0.465 to 0.588. However, in February and
December, these correlations were very low, with an R2 of 0.093 and 0.249 for December and February,
respectively. Figure 4b highlights the many low LST points in February and December, suggesting
another local factor may have strongly reduced LST.
Except for the trends in February and December, LST at nighttime was generally more closely
distributed along the regression line than that of the daytime LST. This may indicate that solar radiation
affects the LST during the daytime.
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4. Discussion
Although this study focuses on the effects of elevation on LST due to its infrequent documentation
in literature, an analysis on the relationship between LST and the most popular vegetation index
(normalized difference vegetation index, NDVI) was additionally discussed. The relationship between
LST and NDVI is shown in Figures A3 and A4 (Appendix C).
Figure A2 shows the monthly distribution of NDVI in 2015 for the study area. As shown in
Figure 1, the major land cover of the study area was forest (51.7%); consequently, the NDVI was quite
high, ranging from approximately 0.4 to 0.9 with a monthly average from 0.6 to 0.8 (Figure A2).
The correlation between LST and NDVI (Figures A3 and A4) showed similar results with
previous studies; on average LST and NDVI displayed a negative correlation, and the coefficient
of determination (R2) of the daytime was slightly higher than those of the nighttime.
In the literature, various studies have shown that land use/cover has a strong impact on
LST [41–43] and Ta [44,45]. Therefore, in this section, we presented further detail on the relationship
between LST and elevation in northwest Vietnam and other potential factors that could have an effect
on this relationship, such as land cover and elevation distribution.
4.1. The Influence of Land Use/Cover
In order to assess the effects of land use/cover on the variation of LST according to elevation,
we used the high-resolution land use and land cover map products over northern Vietnam in 2015,
obtained from the Japanese Aerospace Exploration Agency.
As shown in Figure 5a,b, there were four main land cover types (water, built-up, crops, and orchards)
from 8 m to approximately 1000 m. Paddies, grassland, and bare land had a wider elevation range (2000 m
to 2200 m). Forests showed the widest elevation range, from 8 m to approximately 3000 m. Figure 5 also
shows that the number of pixels for each land cover type were different, ranging from 264 pixels to
20,671 pixels. The major distribution of land use/cover across the study area was forest, grassland,
and bare land, which accounted for 51.7%, 18.4%, and 16.0%, respectively (Figure 5). The remaining
five land use/cover types only accounted for 13.9% of the total area. The linear regression results of
the major land use/cover types were more consistent with the results shown in Section 3 than for the
other five land use/cover types. This indicates that the distribution of land use/cover type had an
impact on the relationship between LST and elevation in the area.
Another important point is that the change of LST and elevation of each land cover type was
significantly different between the daytime and nighttime. Here, we focused on the three major land
cover types (grassland, bare land, and forest); the proportion of the other land cover types was low
with poorly distributed elevations. As shown in Figure 5a, when the elevation increased by 1000 m,
the LST of grassland, bare land, and forest decreased from 4.2 ◦ C, 4.7 ◦ C, and 5.1 ◦ C, respectively,
at daytime. However, at nighttime (Figure 5b), these changes were much lower: 3.1 ◦ C, 3.2 ◦ C,
and 3.6 ◦ C, respectively.
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Figure 5. (a) Scatter plots showing the relationship between average monthly daytime LST of different
land cover types and elevation in northwest Vietnam in 2015. (b) Scatter plots showing the relationship
between average monthly nighttime LST of different land cover types and elevation in northwest
Vietnam in 2015. The color ramp from blue to red expresses the point density from low to high.

4.2. The Influence of Topographic Distribution
Figure 4a,b shows that the majority of observations were located at lower elevations (8 m to
1000 m) and that the spatial distribution was imbalanced across the elevations. Figure A1 (Appendix A)
shows the number of pixels for the elevation intervals. It is clearly seen that the number of observations
at an elevation from 2000 m to 3000 m was much lower than the number of observations at an elevation
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from 8 m to 2000 m. Therefore, to assess the influence of elevation distribution, all pixels with an
elevation over 2000 m were removed. As shown in Figure A1, the number of pixels distributed from
8 m to 2000 m were imbalanced. Therefore, to assess the influences of LST and elevation, a balanced
number of observations at four elevation intervals were used: below 500 m (Level 1), 500 m–1000 m
(Level 2), 1000 m–1500 m (Level 3), and 1500 m–2000 m (Level 4). For each elevation interval, 1000 pixels
were randomly chosen for analysis.
Figure 6a,b shows that the relationship between LST and elevation was much stronger (R2 ranges
from 0.372 to 0.748) for all months at both daytime and nighttime than the results of all data shown in
Figure 4a,b. The LST dropped from 3.9 ◦ C to 5.9 ◦ C (at daytime) and 2.4 ◦ C to 4.6 ◦ C (at nighttime) for
every 1000-m elevation increase.

Figure 6. Cont.
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Figure 6. (a) Scatter plots showing the relationship between the average monthly daytime LST of a
balanced number of observation-based elevations and the elevation in northwest Vietnam in 2015.
(b) Scatter plots showing the relationship between the average monthly nighttime LST of a balanced
number of observation-based elevations and the elevation in northwest Vietnam in 2015. The color
ramp from blue to red expresses the point density from low to high.

In this study, the relationship between LST and elevation and changes of longitude and latitude
were additionally assessed. Two straight lanes were chosen for evaluation: Lane 1 (north to south)
and Lane 2 (west to east). To reduce the effects of latitude and longitude, a line of 5 km width was
used. Figure 7a,b shows that the elevations of the two lanes were consistent and ranged from 0 m to
approximately 2000 m. During the daytime, LST decreased from 4.9 ◦ C to 7.7 ◦ C as elevation increased
by 1000 m (Figure 7a). At nighttime, however, the LST dropped from 2.0 ◦ C to 5.2 ◦ C. Lane 2 (Figure 7b)
shows the relationship between LST and elevation, where the longitude was assumed to be stable
and the latitude changed by approximately 2◦ (200 km). During the daytime, the correlation between
LST and elevation was much lower than those of Lane 1 (Figure 7a). At nighttime, however, this
correlation was high, except in February and December. The shift in LST due to a 1000 m change of
elevation was also lower than Lane 1, ranging from 2.3 ◦ C to 5.4 ◦ C and 0 ◦ C to 5.9 ◦ C at daytime and
nighttime, respectively. However, it should be noted that in Figure 7b, there were several observations
in February and December at low elevations with very low LST in comparison to other months.
This may result from unique weather events during these months. To assess the relationship between
LST and elevation, such weather events should be considered.
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Figure 7. (a) Scatter plots showing the relationship between the average monthly LST (daytime and
nighttime) and elevation of Lane 1 in 2015. (b) Scatter plots showing the relationship between the
average monthly LST (daytime and nighttime) and elevation of Lane 2 in 2015. The color ramp from
blue to red expresses the point density from low to high.
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5. Conclusions
In this study, we investigated the influence of elevation on LST of the daytime and nighttime
from MODIS LST version 6 data over an area of 40,000 km2 (200 × 200 km2 ) in northwest Vietnam
for 2015. The results of the average monthly daytime and nighttime LST showed a linear correlation
between the average monthly LST and elevation. This correlation was stronger for the nighttime than
for the daytime. However, the daytime variation (reducing) of LST was greater than those at nighttime
when the elevation increased by 1000 m. For both the daytime and nighttime, the degree of change
in LST due to an increase in elevation varied from January to December. The LST decreased from
3.8 ◦ C to 6.1 ◦ C and from 1.5 ◦ C to 5.8 ◦ C with a 1000 m increase in elevation at daytime and nighttime,
respectively. Our results also showed that the type of land cover played an important role in the
variation of LST due to changes in elevation. For both the daytime and nighttime, forest and bare land
had the highest variations, while water and orchards showed the lowest variations. This suggests
that both the elevation and land/use cover should be carefully considered and investigated when
studying spatiotemporal LST distributions. In addition, it is suggested that for a more accurate
representation of this relationship, all data should be used rather than an interval number of
observations. Another interesting result was that the longitude and latitude influenced the relationship
between LST and elevation, whereby latitude had a stronger effect. Furthermore, any special weather
conditions within the study area during the study periods should be carefully considered, as they may
bias the overall relationship between LST and elevation.
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Appendix A

Figure A1. Histogram representing the number of pixels for each elevation (m a.s.l.) level for different
land cover classes.

Climate 2018, 6, 28

16 of 19

Appendix B

Figure A2. Violin plot of monthly average normalized difference vegetation index (NDVI) in northwest
Vietnam in 2015.

Appendix C

Figure A3. Scatter plots showing the relationship between the average monthly daytime LST and
NDVI in northwest Vietnam in 2015. The color ramp from blue to red expresses the point density from
low to high.

Climate 2018, 6, 28

17 of 19

Figure A4. Scatter plots showing the relationship between the average monthly nighttime LST and
NDVI in northwest Vietnam in 2015. The color ramp from blue to red expresses the point density from
low to high.
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