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Abstract

Where land surface air temperature data are not available, satellite land surface
temperature are used. However, the coarse spatial resolution of satellite-derived
products may yield errors at the local scale. This work shows the differences between
the MODIS Land Surface Temperature and Emissivity (MOD11A1) product and
ground measurements at two different scales. We used data from 21 SNOTEL stations
across the northern Front Range of Colorado to represent the coarse scale and 17
iButton temperature sensors across the Colorado State University Mountain Campus to
represent the fine scale. We found significant differences in the temperature and its
changes with elevation for the two spatial scales. At the fine scale, cold air drainage can
induce an inversion of the temperature gradient with elevation. A higher correlation was
found during the nighttime at the fine scale, while, at the coarse scale, higher
correlations were observed during the daytime. On windy nights, temperatures do not
cool as much as on calmer nights, and the coarse scale near-surface temperature
gradient with elevation persists, though the fine scale inversions do not develop. The
near-surface temperature gradients with elevation based on the MODIS pixels are
similar to the ground-based data at the coarse scale but not at the fine scale. Thus, one
must be cautious in selecting the near-surface temperature gradients with elevation for
mountainous terrain when different scales are considered, and a proper validation of
satellite products is necessary prior to their use to avoid the propagation of

uncertainties.
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1. Introduction

The large spatial variability of climatic variables has an important influence on
hydrological processes. In the literature, studies have analyzed the spatiotemporal
distribution of precipitation and temperature (Monestiez et al., 2001; Bayat et al., 2013)
that illustrate important variability of these data with elevation. Many hydrological
processes (e.g. evapotranspiration, snow accumulation or snowmelt) are driven by air
temperature, amongst other meteorological variables. Air temperature is influenced by
various land and atmospheric conditions and can have an important variability due to
spatiotemporal changes in the governing conditions (Pape and Loffler, 2004).
Therefore, a chosen hydrological analysis approach can be sensitive to the selection of
the spatiotemporal resolution considered in a study. Broad temperature patterns are
studied through point measurements obtained from meteorological or
hydrometeorological stations that tend to be coarsely spaced due to technical or
financial limitations, especially in areas of sparse populations (Shiklomanov et al.,
2002; Venable et al., 2015; Fassnacht et al., 2018). However, in recent years, smaller
and less expensive temperature sensors (e.g. Hobo, Stowaway Tidbit, Thermochron
iButton, Blue Maestro) have become popular (Irvine et al., 2017; Navarro-Serrano et al.,

2019).
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The Land Surface Temperature (LST) data obtained from satellites constitute
another source of information, especially where temperature data are limited. Satellite
LST is the radiative skin temperature of the land surface measured in the direction of
the satellite. MODIS and AVHRR LST products have twice-daily temporal resolution
and have been employed in hydrological studies (Wang et al., 2009; Khorchani et al,
2018). However, the spatial resolution of these products (1 and 1.1 km, respectively)
may not be adequate where a finer spatial scale resolution is necessary to capture the
temperature patterns, such as areas with cold air drainage (Bergen, 1969; Hubbart et al.,
2007; Bigg et al., 2014).

Daily and monthly data are commonly employed to address hydrological
guestions (Hannah et al., 2011), and the distribution of meteorological variables are
modeled from different orographic or landscape patterns using these different temporal
resolutions (Benavides et al., 2007; Collados-Lara et al., 2018). Hydrological models
incorporate temperature at the basin scale for lumped approaches (Jodar et al., 2018) to
the kilometer scale for distributed approaches (Collados-Lara et al., 2019). Sometimes
these resolutions are adequate for hydrological assessment, but other cases require finer
resolutions (temporal and spatial) to assess the availability of water resources (Young et
al., 2009; Chen et al., 2019). These are often not available or are not well distributed at
the necessary resolution. In these cases, we use information generated from other
sources, such as well-known patterns (e.g. near-surface temperature gradient with
elevation (NSTGE)) for specific case studies (Hudson and Wackernagel, 1994) or

remote sensing LST (Zhang et al., 2014).
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Terrain parameters, in particular elevation at a relatively coarse scale, and slope
and aspect at a finer scale, are used to estimate the spatial distribution of temperature. In
the lower layers of the atmosphere, the free atmospheric temperature lapse rate for a
lifting air mass cools at dry conditions is -0.0098 °C m™ (dry adiabatic lapse rate) and
about -0.0065 °C m™ under saturated conditions (saturated adiabatic lapse rate). The
adiabatic lapse rates are governed by pressure changes in the atmosphere. The
environmental lapse rate (ELR), which is the change of temperature with elevation in
the free atmosphere, averages about -0.0065 °C m, but can exhibit variation in
different layers (Rolland, 2003). Conversely, in the near-surface layer the NSTGE are
influenced by factors as the local energy balance regime, topography, moisture, synoptic
conditions, microclimate, etc., so that the NSTGE normally are different to the free-air
temperature lapse rate (Blandford et al., 2008).

While temperature usually decreases with increases in elevation (negative
NSTGE), the atmosphere can be isothermal or the NSTGE can be positive, i.e.,
temperature can increase with increases in elevation (Navarro-Serrano et al., 2018).
These patterns can be due to the cold air drainage phenomenon, which occurs (normally
at night) when there is relatively high atmospheric pressure and little wind, under stable
atmospheric conditions (Gustavsson et al., 1998). The cold air accumulates in lower
elevation areas (like ditches or valleys) resulting in a temperature inversion (Hubbart et
al., 2007). When cold air drainage occurs, NSTGE can reach very high values. A few
examples follow: Foster et al. (2017) found a difference of temperature of 15 °C

between 1800 and 2500 m a.s.l. (around +0.021 °C m™) in Salt Lake Valley, Utah;
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Gerlitz et al. (2016) obtained up to +0.03 °C m for a slope of the Rolwaling Himal in
Nepal; Hubbart et al. (2007) found inverted NSTGE that differ from the expected lapse
rates by more than +0.08 °C m™ for the Mica Creek Experimental Watershed located in
northern ldaho; Grudzielanek and Cermak (2018) obtained values higher than +1.3 °C
m* using thermal infrared imaging at the northern fringe of the Rhenish Massif in
Bochum, Germany. In contrast, inversions in NSTGE during the daytime are usually
caused by a greater heating of the high elevation areas of the mountains due to higher
solar radiation (Kattel et al., 2015). Depending on the scale, the actual pattern in
NSTGE may be difficult to estimate, which may produce errors that will be propagated
through the estimates used in models (Lookingbill and Urban, 2003).

The objectives of this work are (1) to compare the MODIS-based land surface
temperature (LST) to near-surface meteorological data at two different scales, (2) to
assess the variability of temperature by identifying the correlation with elevation at both
scales, and (3) to identify local factors that influence the correlation of near-surface
temperature with elevation and justify different rates at the two scales. Note that the
study area and the ranges of elevation for the two scales explored are different. The
coarse scale across the northern Front Range of Colorado (NFRC) used data from the
Natural Resources Conservation Service (NRCS) automated Snowpack Telemetry
(SNOTEL) network ranging in elevation from 2612 and 3265 m a.s.l. over an area of
about 4800 km2. At the fine scale over a 0.4 km? area, iButton sensors were installed
with an elevation range from 2745 to 2804 m a.s.l at the Colorado State University

Mountain Campus (CSU-MC) located within the NFRC. The coarse-scale NRFC LST-
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SNOTEL evaluation is an area to point comparison, while the fine-scale CSU-MC LST-
iButton evaluation is an area to area comparison. While many research studies apply
interpolation techniques to combine LST and temperature observation data (Bosilovich,

2006; Stewart and Nitschke, 2017), this paper does not focus on such methods.

2. Case study and data
2.1 Location and climate
The NFRC study area is located within the Southern Rocky Mountains and includes
Rocky Mountain National Park (Figure 1) with Longs Peak at the highest elevation of
4346 m a.s.l. The CSU-MC is located in the Pingree Park Valley below the Mummy
Range at an approximate elevation of 2745 m. CSU-MC covers an area of about 6.5
km? of the South Fork of the Cache la Poudre River (SFCLR) basin (Figure 1). The
NFRC is a semi-arid region that is cool at night and warm during the day in spring,
summer and fall, and cold in the winter (Goble, 2017). Total annual precipitation varies
from 500 to 1100 mm at the SNOTEL stations, with only 120 to 300 mm coming when
there is no snow cover (Fassnacht, in review). Snow is intermittent below about 2000
meters; across the study SNOTEL stations and the CSU-MC snow is persistent through
the winter season (Kampf and Fassnacht, 2020).
2.2 Temperature datasets

2.2.1 SNOTEL stations

The SNOTEL network was established to measure the snowpack and to forecast

streamflow originating as snowmelt in the mountains of the Western United States
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(Natural Resources Conservation Service, 2019). The stations are powered by solar
panels and measure the snowpack (snow water equivalent or SWE, and depth),
precipitation, temperature, and other climatic variables (at some stations); hourly data
are available in real-time through meteor burst telemetry (Natural Resources
Conservation Service, 2016). Data from the SNOTEL network have been used for
hydrological and climatological studies (e.g. Wrzesien et al., 2015; Fassnacht et al.,
2017).

We used hourly temperature data collected over a 35-day period between August
25 and September 28, 2018 from 21 SNOTEL stations across the NFRC (Figure 1) at a
density of one station per 230 km? (or one every 15 km). These data are available from
the NRCS at <wcc.nrcs.usda.gov> (Natural Resources Conservation Service, 2016).
The selected SNOTEL stations ranged in elevation from 2612 to 3265 m. The SNOTEL
stations use YSI extended range temperature sensors <ysi.com/> that are housed within
a radiation shield. Each temperature sensor is located approximately 4 meters above the
ground on a cross-arm mounted on a triangular tower opposite the SNOTEL snow
pillow that measures SWE.

2.2.2 Temperature sensors

In the last few decades, alternatives to the traditional meteorological stations
have entered the market. Individual temperature sensors with a relatively low-cost are
now available (e.g. Hobo, Stowaway Tidbit Thermochron iButton, Blue Maestro). The
Hobo sensor (Whiteman et al., 2000) and Thermochron iButton sensor (Hubbart et al.,

2005) have been evaluated and found to have satisfactory accuracy compared to more
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expensive traditional sensors. The small size (now 1-2 cm in diameter and 0.5 cm thick)
and low price are the main advantage compared to automatic stations, but solar radiation
shields (e.g. Gill radiation shields by R.M. Young Co., or Spectrum radiation shields by
Spectrum Technologies) have a high cost, which can limit the optimal use of these
newer sensors. However, costs can be reduced by using alternative radiation shields,
such as a double funnel system (Hubbart, 2011), using evergreen trees as a radiation
shield (Lundquist and Huggett, 2008), or a combination of the two methods.

For the fine-scale analysis at the CSU-MC, 12 temperature-only and five
temperature-humidity sensors were deployed (Figure 1) for the same 35-day period. The
mean horizontal distance between stations was 48 meters. The temperature sensors
collected data every 10 minutes, and the temperature-humidity sensors every 20
minutes. These were averaged to the same hourly time step as the SNOTEL data
(Fassnacht et al., 2019). The temperature sensors were Thermochron iButton devices
from <maximintegrated.com> that measured temperature in 1/8°C increments with a
stated accuracy of +1°C. The temperature-humidity sensors were Hygrochron
Temperature/Humidity Logger iButton devices from <maximintegrated.com> that
measured humidity with 12-Bit (0.04%RH) resolution (accuracy unstated by
manufacturer), and temperature with 11-Bit (0.0625°C) resolution with a stated
accuracy better than £0.5°C.

The sensors were housed within a double-set of ordinary white kitchen funnels
serving as a radiation shield. The 15.2 cm tall outside funnel was 14 cm in diameter, and

the 12.7 cm tall inside funnel was 12 cm in diameter with about 12 holes of 0.64 cm
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diameter drilled into it for air flow, as per Hubbart (2011). Each shielded sensor was
placed approximately 2-m above the ground on the north side of an evergreen tree to
shelter it from overheating by radiative exchange when measuring air temperature
(Lundquist and Huggett, 2008). We calibrated the sensors by storing them in close
proximity to one another for several hours before and after deployment. The differences
between sensor measurements were typically 0.5 °C with a maximum difference of 1.0
°C occurring for less than 5% of all calibration measurements. All data were visually
inspected to assess obvious outliers; only measurements taken while the sensor was
being downloaded were eliminated (<0.1% of all the data).

2.2.3 Remotely sensed LST

The remotely sensed MODIS LST and Emissivity (MOD11A1) product
available from the NASA Distributed Active Archive Center (DAAC)
<earthdata.nasa.gov> has a spatial resolution of about 1 km using a sinusoidal
projection and provides daily daytime and nighttime data. We used the same 35-day
period as for the SNOTEL station and iButton sensor analysis. Note that the product
MOD11A1 can have some gaps due to presence of clouds in images, the presence of
dust in the atmosphere, and sensor failure. Three MODIS tiles covering NFRC (h09v04,
h09v05 and h10v04) were extracted. From these tiles six grids around the CSU-MC
(Figure S1) and 21 grids corresponding to the SNOTEL stations were selected (Figure
1).

2.3 Elevation Dataset

10
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The elevation data were obtained from the National Elevation Dataset digital
elevation model of the United States Geological Survey available at
<nationalmap.gov>. The spatial resolution is 1/3 arc-second (about 10 meters). The
elevation of each iButton sensor, SNOTEL station, and across each MODIS LST grid
(e.g., Figure S1) were extracted from the National Elevation Dataset digital elevation

model.

3. Methodology

To assess the spatial accuracy of remote sensing LST at coarse and fine scales
(represented by the SNOTEL stations and iButton sensors respectively), we (1)
compared the mean of the MODIS LST data and the individual temperature (SNOTEL
and iButton) measurements considering only the information that correspond to the
view time (instantaneous observations) of the LST product in the studied period, and (2)
analyzed the spatiotemporal relation of temperature versus elevation for the three data
sources. We used the same temporal reference, specifically GMT-7, for all hourly data
and downloaded the time views of the MODIS LST product for the daytime and
nighttime observations. SNOTEL and iButton data have a point-support while satellite
derived temperatures have an area-support whose resolution is the size of the image
pixels. When data with different spatial supports are compared or integrated to produce
a new product, geostatistical approaches should be applied to combine them
(Kyriakidis, 2004; Comber and Zeng, 2019). However, in some hydrological studies

temperature point data are used to represent a certain area (Martinec et al., 1998). In this

11
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study we aim to highlight the possible implications of using either source of information
and the spatial support is not considered.

The mean and standard deviation were computed per daytime and nighttime
acquisition of LST compared to the SNOTEL (coarse) and iButton (fine) scale station
and sensor data. All individual measurements were also compared and the Nash-
Sutcliffe efficiency (NSE) coefficient were calculated for those. The coarse-scale
evaluation of MODIS LST versus SNOTEL stations was considered an area (pixel) to
point (one station per pixel) comparison, while the fine-scale evaluation of MODIS LST
versus the iButton sensors was considered an area (pixel) to area (multiple sensors per
pixel) comparison.

We analyzed the temperature and elevation correlation by using a linear
regression model:

T=Sz+c (1)

where T represents the temperature (°C), z the elevation (m), and S (°C m™) and
¢ (°C) are best-fit parameters to be estimated for each hour from the iButton sensors or
SNOTEL stations. In the case of MODIS LST, the linear regression models were
defined for each view time of the satellite (Figure 3). The coefficient of determination
(R?) and the slope or gradient (parameter S) of the hourly models were obtained and
used to obtain the hourly elevation patterns of temperature at the two spatial scales
considered. R? indicates the degree of correlation between temperature and elevation.
The slope shows the NSTGE and its possible inversions when positive values

(increment of temperature with elevation) are obtained. The slope and R? of the linear
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correlation between elevation and temperature allowed us to evaluate the elevation
patterns at the two scales studied. Mean NSTGE have been calculated in two different
ways: (1) by using the relationship between mean temperature per location and
elevation, and (2) as the mean of the hourly NSTGE. The second procedure allowed
considering outliers by using different thresholds of R? associated to each hourly

NSTGE.

4. Results

The MODIS LSTs are on average warmer than SNOTEL stations during the day (Figure
2a and 2e) and the iButton sensors at night (Figure 2d). Conversely, the average
nighttime SNOTEL temperatures are warmer than the MODIS LST (Figure 2b and 2f),
while the daytime MODIS LST are most similar to the average iButton temperatures
(Figures 2c and S2a). The NSE coefficient of the MODIS LST and the measured
temperature is below zero for the coarse scale and the nighttime of the fine scale.
MODIS LST shows higher accuracy at the finer scale in the daytime (NSE 0.42). The
values of the linear correlation (y-intercept and slope) between MODIS LST and
SNOTEL (area to point comparison) temperature for each day show a linear correlation
between them too (Figure S3), being more correlated in the daytime than nighttime
(0.92 vs 0.76). Therefore, the biases between the two sources of information could be
defined by one independent value assuming those correlations are reasonable. For
SNOTEL station and nighttime iButton comparisons, the MODIS LSTs are generally

warmer at cooler temperatures and cooler at warmer temperatures as illustrated by the
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slopes in the range of 0.5 (Figures 2a, 2b, and 2d). On average the daytime MODIS
LSTs are about 1°C cooler than the iButton temperatures (Figure 2c and S2a).

Day view times for the MODIS LST are between 10:00 and 12:00 with night
view times between 21:00 and 23:00, which are a few hours after sunrise and sunset,
respectively (Figure 3). The daytime correlation between temperature and elevation is
much better for the SNOTEL stations with R? mostly between 0.3 and 0.8 than MODIS
LST with R? between 0 and 0.4 (Figure 3a top-right plot). The temperature-elevation
correlation for night increases for MODIS LST and decreases for SNOTEL (Figure 3a
top-left plot). At the finer scale (showed in Figure 3b top plots), MODIS LST and
iButtons show similar correlation between temperature and elevation (an average of
0.36 and 0.32 respectively) while during the nighttime the correlations are higher for the
iButtons (0.54 vs 0.24). NSTGE are more consistent between MODIS LST and the
measured temperature at SNOTEL stations for the coarse scale. Both sources of data
show negative NSTGE being more similar during the nighttime (Figure 3a bottom
plots). However, the NSTGE for the MODIS LST data are very different compared to
the iButton data (see Figure 3b bottom plots) and even during the daytime the NSTGE
are opposite, i.e., iButton shows positive values and MODIS LST negative values.

In Figure 4, the characterization of the NSTGE with elevation at the two
resolutions is examined as an average of the study period; Figure 3 shows daily
NSTGE. For the SNOTEL resolution (Fig. 4a), both daytime and nighttime
temperatures follow the theoretical ELR, with decreasing temperature with elevation of

0.0068 °C m™ and 0.0049 °C m™, respectively. While daytime temperature shows a
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good agreement with elevation across the study area (R? = 0.74), nighttime temperature
correlation with elevation is less evident (R? = 0.19), indicating the possible influence of
local phenomena during the cooling hours, such as thermal inversion occasionally noted
at some of the SNOTEL locations. Conversely, at the valley resolution with iButton
records (Fig. 4a), we observe a totally inverted NSTGE (increasing temperatures with
elevation), especially during the nighttime (0.0975 °C m), but in both cases, daytime
and nighttime are significant. Both positive NSTGE indicate persistent thermal
inversion conditions that can be explained by different local mechanisms such as
differential insolation and katabatic winds, as we will later discuss.

The capacity of the MODIS LST products to replicate NSTGE with elevation is
fair at the SNOTEL resolution (Fig. 4b); decreasing temperature is estimated with
elevation for both daytime and nighttime, although, contrary to SNOTEL observations,
for MODIS the correlation of temperature with elevation (and the NSTGE) is higher at
nighttime, and weaker in daytime. At the valley resolution, MODIS shows no capability
for reproducing observed NSTGE (Fig.4b). In the daytime it produces a negative
NSTGE, while observations show a positive NSTGE. In the nighttime it estimates a
positive and weak (low R?) NSTGE compared to observations.

The NSTGE presented in Figure 4 were calculated using the mean land surface
temperature over the 35-day study period. Alternatively, mean NSTGE have been
calculated as the average of the hourly values (first row of Table 1), which present slight
differences with those shown in Figure 4. We have also calculated mean NSTGE

considering the values which have associated R? values above different thresholds (0.1,
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0.2, 0.3, and 0.4) (see Table 1). Thus, we are considering the hourly NSTGE as outliers,
which have associated a value of R? lower than a specific threshold. In general the
absolute value of the hourly NSTGE increases with R? (see Figure S4). If the NSTGE
with associated values of R? lower than 0.2 are considered outliers, the absolute
increment of them with respect not considering this threshold are 15 and 38% for
SNOTEL stations, 46 and 25% for iButton sensors, 87 and 9% for MODIS pixels at
SNOTEL locations, and 18 and 62% for MODIS pixels at iButton locations for daytime
and nighttime respectively.

The differing behavior of temperatures with elevation between day and
nighttime is further confirmed if we examine the evolution of coefficients (correlation
and NSTGE) each hour throughout the day (Figure 5). At the SNOTEL scale, the
correlation between temperature and elevation are negative over the entire day
(temperature decreases with elevation) and the higher negative correlations (R close to -
0.9) are observed during the daytime (10h to 18h) (Figure 5a). Conversely, at the
iButton scale, the correlation between temperature and elevation are almost always
positive over the entire day (temperature increases with elevation) and we observe
(Figure 5c) higher positive correlations (R close to 0.8) during the nighttime (20h to
6h). The NSTGE follow the same hourly pattern (Fig. 5b and 5d), and interestingly,
they are in phase with the spatial variability of temperature (standard deviation amongst
locations) during the day. At both scales, the standard deviation of temperature is low
during the daytime hours, and rises towards the nighttime, confirming that local factors

affecting the NSTGE similarly affect the spatial variability of temperature. This is
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especially true during the night. Moreover, this effect is larger at the fine scale,
confirming the role of topographic factors for conditioning spatial variability of
temperature at the local scale (Figure 5d).

The NSTGE and the strength of the temperature-elevation correlation vary by
day and time of day (Figure 6). At the coarse scale, the correlation is typically strongest
in the afternoon (average R? values of 0.7 in Figure 6a) with a NSTGE of about -0.0075
°C m* (Figure 6c). The correlation becomes weak at night (average R? of 0.2) and is
weakest in early morning (Figure 6a). The nighttime NSTGE decreases from -0.005 to -
0.003 °C m'* as the night progresses (Figure 6c).

Air temperatures cool less than 5°C from 18:00 to 23:00 for six of the 35 nights
(Figures 6e and 6f). When there is less cooling, the temperature-elevation correlation is
strong at night over the coarse scale (Figure 6a). More noticeably, the correlation at the
fine scale is poor for those six days where nightly cooling is limited (Figure 6b). The
observed usual thermal inversion disappears during those six days when warmer
nighttime conditions occur. This reinforces the idea that the persistent inversion of the
NSTGE at the valley scale is due to local night winds (katabatic cool drainage) that may
become weaker depending on the meteorological conditions (e.g. cloudiness,
instability). Different wind conditions exist for daytime and nighttime (see Figure S5;
Note that wind speed and direction data were only available from September 11 through
28). Generally, the wind speeds and the R? of the SNOTEL data (versus elevation) are
higher during the daytime, and the nights with higher R? for the iButton data occurred

when wind speeds were low (Figure S5a). Similarly, higher R? values for the iButton
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data during nighttime are observed when there is less cooling and the wind speed is low
(Figure S5b). During the daytime the wind direction is more variable than at the
nighttime, with the wind direction showing a clear difference between the cooling
nights (prevalent direction of 200°) and limited cooling nights (prevalent direction of
230°) (Figure S5c). As stated earlier, for these limited cooling nights the temperature-
elevation correlation is strong for the coarse scale and poor for the fine scale when a
thermal inversion establish.

In the absence of data, we typically assume the theoretical ELR to interpolate. At
the coarse scale this is reasonable (Figure S6a) across a watershed (Figure 1a).
However, at the fine scale, the errors can be large (Figure S6b) if we use the theoretical

ELR for interpolating across a smaller area, such as a lateral moraine (Figure 1b).

5. Discussion

There are several LST products available with different spatial resolution, orbital
frequency, and temporal coverage. Some products have spatial resolutions finer than
100 m (e.g., LANDSAT or ASTER) but with a low temporal resolution (around 16 days
for the first example and between 4 and 16 days for the second) to characterize some
hydrological processes. The MODIS LST product has a twice-daily temporal resolution
and has thus been used in hydrologic studies (Wang et al., 2009; Khorchani et al, 2018).
In this work, we have encountered important biases between measured temperature and
LST of the MODIS product for the two scales studied: (1) area to point (using SNOTEL

measurements) and (2) area to area (using iButton measurements). These biases in mean
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temperature and NSTGE are not consistent for the different scales (Figures 2 and 3).
The different spatial supports can partially explain the differences detected between
MODIS LST and temperature observations and the integrated analyses of them could be
analyzed in a future research. Other authors also illustrated discrepancies in satellite
LST products compared to ground measurements, so that retrieving LST from space-
based thermal infrared data is still a challenge (Li et al., 2013; Li and Duan, 2018).
However, in other applications, these LST products have been used as secondary
information to estimate air temperature obtaining satisfactory results (Kloog et al.,
2014; Yang et al., 2017). In view of the results, each case study should be examined
when LST products are used in favor of measured data from sensors or stations. In
general, the support (Bléschl, 1999) of the MODIS LST is an aerial average over 1-km,
while the support of the SNOTEL station is essentially a point, especially due to local
variability (Ma et al., 2019).

The characterization of temperature patterns with elevation for the two scales
investigated here have been done using two sources of information, SNOTEL and
iButton data. While the accuracy of the iButton assessments was found to be
satisfactory (Hubbart et al., 2015), some authors have identified problems in terms of
accuracy and uniformity for temperature from SNOTEL measurements (Chelliah and
Ropelewski, 2000; Julander et al., 2007). These issues are currently being evaluated
(Oyler et al., 2015; Fassnacht et al., 2017; Ma, 2017; Ma et al., 2019). Further, the
SNOTEL temperature sensors are at a height of 4 m above the ground, while the

iButton sensors were installed at 2 m above the ground. The nighttime iButton
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temperatures are similar to the SNOTEL temperatures at a similar elevation (Figure 4a),
such as the Phantom Valley station that is at 2753 m.a.s.l. (seen below the iButton
nighttime best fit line in Figure 4a). The Hourglass Lake station is higher than the
iButton transect at 2860 m.a.s.l., but it is the closest SNOTEL station to CSU-MC.
Daytime temperature was on average warmer for the iButton sensors than the SNOTEL
stations of similar elevation (Figure 4a).

We observe important differences between the temperature patterns of the two
scales studied. These differences can be explained by local conditions that can modify
the temperature patterns (Dobrowski et al., 2009; Martin et al., 2019) and can be
influenced by the different elevation ranges where the stations or sensors are located.
For example, the inversion of the NSTGE detected from the iButton measurements that
intensified during the nighttime in the Pingree Valley, can be explained by cold air
drainage. This phenomenon usually occurs at night, due to katabatic winds (downslope
winds flowing from high elevations of mountains) induced by the higher density of cold
air at higher elevations once there is no insolation (Clements et al., 2003). This pattern
has been encountered in other case studies (Bergen, 1969; Hubbart et al., 2007; Bigg et
al., 2014; Gertlitz et al., 2016; Foster et al., 2017; Grudzielanek and Cermak, 2018).
However, we also observed an inverse NSTGE during daytime in the Pingree Valley.
Reductions or inversions in NSTGE during the daytime are usually caused by greater
heating of the higher elevations due to greater amounts of solar radiation (differential
insolation) (Kattel et al., 2015). Both phenomena are very dependent on weather

conditions (Barr and Orgill, 1989; Pepin et al., 2011).
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The NSTGE in the valley are much greater than those at the coarse scale. While
NSTGE obtained for the coarse scale are around the theoretical ELR, in the valley we
calculated average 0.034 and 0.0975 °C m™* NSTGE for the daytime and nighttime,
respectively. These values are almost an order of magnitude greater than the dry and
saturated adiabatic lapse rates (-0.0098 and -0.0065 °C m) due to the cold air drainage
affecting the valley. In previous studies values similar to our daytime (Foster et al.,
2017; Gertliz et al., 2016) and nighttime (Hubbart et al., 2007) NSTGE were found, as
well as larger NSTGE values (Grudzielanek and Cermak, 2018).

The NSTGE can be very different to free air temperature lapse rates. The former
can be affected by micro-scale factors such as cold air drainage, cast shading or
differential insolation between slopes (Hubbart et al., 2007; Zhang et al., 2018). This
finding points to the very high variability of the temperature conditioning factors
(mainly cold air drainage and differential insolation) in the Pingree Valley (Figure 1b).

In this study, MODIS LST shows a higher accuracy at the fine scale and during
the daytime period (Figure 2c), when the phenomenon of cold air drainage is not acting,
but this accuracy is not sufficient for hydrological applications. Therefore, LST from
satellite data should be used with caution. The information should be verified with
secondary data from stations or sensors because coarse-scale satellite data can introduce
errors in the characterization of the temperature patterns that can then be propagated to
hydrological or agricultural models (Hulley et al., 2012; Ghent et al., 2019). Sometimes
when temperature data are limited, satellite data are extrapolated between different

scales, usually using geostatistical estimations including secondary information as
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elevation or NSTGE (Monestiez et al., 2001; Naseer et al., 2019). However, as shown in
this study, temperature patterns between scales can vary considerably and a proper
characterization of the patterns of temperature variability at differing elevations is
needed. Otherwise uncertainties will be propagated to the estimations used for
modeling. In the case study, from the point of view of the interpolation considering
NSTGE, the theoretical ELR could be representative of the coarse scale (SFCLR
watershed) but not of the fine scale (lateral moraine) (Figure S6).

The data used in this study were obtained for a short temporal period (35 days)
when data at both scales were available (Fassnacht et al., 2019). Future work should
explore a longer study period, which could contribute more insight into the cold air
drainage and other local phenomena. Similarly, further investigations across medium
scales, such as at the watershed scale (dendritic features in Figure 1a), could identify the
scale of cold air drainage patterns. Such two future examinations could capitalize
(Fassnacht et al., 2014) on the regional density of SNOTEL stations in mountain region
data by installing additional inexpensive, stand-alone temperature sensors, such as those

used here.

6. Conclusions

In this research study we compared measured temperatures at two different scale
resolutions with remote sensing LST data in terms of mean, standard deviation,
correlation coefficient (R?), and slope of the linear regression between temperature and

elevation. MODIS LST overestimates nighttime temperatures at fine scales and daytime
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temperatures at coarse scales, while MODIS LST underestimates daytime temperatures
at fine scales and nighttime temperatures at coarse scales. MODIS LST does not show
an inverse NSTGE at the fine scale (as observed in the Pingree Valley during the
daytime and nighttime) and the NSTGE in absolute value is much lower than that of the
iButton sensors. In view of the results, a proper evaluation of LST products is necessary
before using them in finer-scale hydrological or agricultural assessments since the
uncertainties in temperature relations can be propagated to the final results.

We also assessed the variability of temperature at two spatial scales through the
study of the NSTGE. Despite both case studies’ locations in the same mountain region
(the fine scale case is located within the coarse scale case), we observed different
patterns of temperature. The R? value for the linear correlation between temperature and
elevation is higher during the nighttime, showing an inverse NSTGE in the case of the
fine scale data. However, R? is higher during the daytime, and the temperature decreases
with elevation at the coarse scale. With respect to the NSTGE, the daytime and
nighttime temperature follows the theoretical ELR at the coarse scale of the SNOTEL
stations. However, inverse and extreme NSTGE are observed at the finer scale (Pingree
Valley). They are due to the phenomena of cold air drainage acting during the nighttime
and differential insolation during the daytime. Therefore, when elevation is used as
secondary information to supplement temperature data, caution should be used
extrapolating those patterns between different scales. Micro-scale climatology in
mountain regions can contradict physical assumptions normally made for larger scales.

Phenomena, such as cold air drainage, can modify the local distributions of temperature
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with elevation. This work reveals the necessity of micro-scale analyses for validation of

climatic products in mountain areas.
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Figure S1. Hypsometric curves (distribution of elevation) for the six MODIS LST grids
in an around the iButtton sensors, as per Figure 1.

Figure S2. Mean and standard deviation of temperature of the iButton data and MODIS
LST for the grids within the CSU-MC for the a) daytime and b) nighttime view time of
the Aqua-Terra satellites. Note that in (b) are not represented 35 points because the
product MOD11A1 has some gaps.

Figure S3. Best fit linear slope versus y-intercept for the MODIS-SNOTEL temperature
data from each day with daytime and nighttime separated. The goodness of fit per day is
shown by the bubble size.

Figure S4. NSTGE versus coefficient of determination (R2) of the hourly linear
relationship between temperature and elevation for a) SNOTEL stations, b) iButton
network, ¢) MODIS estimates for SNOTEL pixels, and d) MODIS estimates for iButton
pixels, for the daytime and nighttime periods.

Figure S5. Coefficient of determination (R2) between SNOTEL versus iButton showing
for a) daytime (in orange) and nighttime periods (in grey), and b) cooling (in purple)
and low cooling nights (green). The cooling nights are based on a decrease of at least

5°C from 18:00 to 23:00. The bubble size indicates the hourly wind speed. Note that the
wind speed and direction data were only available from September 11th through 28th.

Figure S6. Mean temperature obtained by using a theoretical ELR of -0.0065 °C m-1
versus using the daily obtained NSTGE for a) the SFCLR watershed (coarse scale) and
b) the lateral moraine (fine scale). Both include fit lines and the RMSE and NSE
statistics for data with R*>0.2 and R?<0.2.
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Table 1. NSTGE for the SNOTEL stations, iButton network, MODIS estimates for
SNOTEL pixels, and MODIS estimates for iButton pixels, for the daytime (7 am to 8
pm) and nighttime (the remaining time) periods calculated as the average of the hourly

NSTGE which have associated a R2 above the considered thresholds.

NSTGE (°C km™)
coarse resolution -

NSTGE (°C m™)
fine resolution -

NSTGE (°C km™)
coarse resolution -

NSTGE (°C m™)
fine resolution -

SNOTEL stations iButton sensors MODIS pixels MODIS pixels
R2threshold daytime nighttime daytime nighttime daytime nighttime daytime nighttime
none -0.0068  --0.0047  0.0394 0.0984 -0.0074  -0.0045  -0.0346 0.0047
0.1 -0.0076  -0.0060 0.0485 0.1147 -0.0117  -0.0047  -0.0372 0.0058
0.2 -0.0078  -0.0065 0.0573 0.1227 -0.0139  -0.0049  -0.0408 0.0076
0.3 -0.0080  -0.0067 0.0668 0.1275 -0.0194  -0.0048  -0.0456 0.0077
0.4 -0.0082  --0.0067  0.0733 0.1332 -0.0276  -0.0037  -0.0475 0.0087
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Intra-day variability of temperature and its near-surface gradient with elevation over

mountainous terrain: comparing MODIS Land Surface Temperature data with coarse

and fine scale near-surface measurements
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This work assesses the variability of near-surface
temperature at two scales in the same mountain region
(SNOTEL measurements are employed for coarse scale
and iButton measurements for fine scale) and

compares them to MODIS land surface temperature.
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nighttime: —SNOTEL —iButton — MODIS
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Significant differences in the temperature patterns are observed in the measurements at the

two scales (e.g. at the fine scale an inverse gradient of temperature with elevation is

observed). MODIS also shows differences with both measurements in terms of mean, standard

deviation and temperature gradients with elevation.
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Intra-day variability of temperature and its near-surface gradient with elevation

over mountainous terrain: comparing MODIS Land Surface Temperature data

with coarse and fine scale near-surface measurements
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K.D. Pfohl, Enrique Moran-Tejeda, Niah B.H. Venable, Eulogio Pardo-Iguzquiza, and

Kira Puntenney-Desmond

* Corresponding author

This work assesses the variability of near-surface
temperature at two scales in the same mountain region
(SNOTEL measurements are employed for coarse scale
and iButton measurements for fine scale) and compares
them to MODIS land surface temperature. Significant

differences in the temperature patterns are observed in

daytime: SNOTEL — iButton — MODIS
nighttime: —SNOTEL —iButton — MODIS
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the measurements at the two scales (e.g. at the fine scale an inverse gradient of temperature with

elevation is observed). MODIS also shows differences with both measurements in terms of

mean, standard deviation and temperature gradients with elevation.
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Table 1. NSTGE for the SNOTEL stations, iButton network, MODIS estimates for
SNOTEL pixels, and MODIS estimates for iButton pixels, for the daytime (7 am to 8
pm) and nighttime (the remaining time) periods calculated as the average of the hourly
NSTGE which have associated a R2 above the considered thresholds.

NSTGE (°C km™") NSTGE (°C m") NSTGE (°C km™") NSTGE (°C m")

coarse resolution - fine resolution - coarse resolution - fine resolution -
SNOTEL stations iButton sensors MODIS pixels MODIS pixels
R2threshold daytime nighttime daytime nighttime daytime nighttime daytime nighttime

none -0.0068  --0.0047  0.0394 0.0984 -0.0074  -0.0045  -0.0346 0.0047
0.1 -0.0076  -0.0060 0.0485 0.1147 -0.0117  -0.0047  -0.0372 0.0058
0.2 -0.0078  -0.0065 0.0573 0.1227 -0.0139  -0.0049  -0.0408 0.0076
0.3 -0.0080  -0.0067 0.0668 0.1275 -0.0194  -0.0048  -0.0456 0.0077
0.4 -0.0082  --0.0067  0.0733 0.1332 -0.0276  -0.0037  -0.0475 0.0087
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