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Abstract

An urban air temperature model is presented using the enterprise GOES-16
land surface temperature product. The model is constructed by fitting the
difference between ground-truth air temperature data against satellite LST
using a Gaussian function. A time-match algorithm aligns the ground and
satellite measurements within 5-minutes of one another, and the resulting
matched values are compared over ten months to investigate their correla-
tion. Land cover, latitude, longitude, local time, and elevation are input
to a regressive neural network to fit each unique GOES-16 pixel according
to ground-based properties. Over 150 ground stations and satellite pixels
throughout the continental U.S. are used near urban areas to construct the
diurnal Gaussian relationship and approximate air temperature. Statistics
from a five month validation period generates an RMSE of 2.6 K, a bias of
0.8 K, and R? of 0.86, which are in strong competition with other studies at
lower resolution, less geographic integration, and less temporal resolvability.

The algorithm also produced strong spatial correlations with a high resolu-
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tion numerical model, resulting in a mean RMSE value of 2.1 K for nearly
7,000 pixels. The overall presentation of this model aims to simplify the cal-
culation of air temperature from satellite LST and create a successful model
that performs well in heterogeneous environments. The improvement of ur-
ban air temperature calculations will also result in improved satellite land
surface products such as relative humidity and heat index.

Keywords: Air Temperature, GOES-16, Neural Network, Regression, LST,
Air Temperature Model, Satellite Remote Sensing

1. Introduction and Background

Spatial air temperature fluctuations can span 7 - 9 K in urban areas where
land cover is highly heterogeneous (Eliasson and Svensson, 2003; Yan et al.,
2014b). As a result, low-resolution forecasts and ground station networks
can misrepresent air temperature distributions in regions where micro-scale
variations are significant (Muller et al., 2013; Yan et al., 2014a). Moreover,
fine-scale urban weather models require large computational resources or
lengthy run times, neither of which are ideal in extreme weather scenarios
(Chen et al., 2011; Mauree et al., 2018). These shortcomings reinforce the
need for higher temporal resolution remote sensing tools for weather and pub-
lic health applications in cities, where the majority of humans live (Kadhim
et al., 2016; United Nations, 2014).

In recent years, weather and climate research has refocused its efforts
on understanding the impacts of urbanization (Kloog et al., 2014; Krishnan
et al., 2015; Li et al., 2018b; Pichierri et al., 2012). Much of the progress

centers on single-city or regional analyses, which do not fully uncover the
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influence of urbanization on variables such as temperature and humidity.
For the research that has been conducted on country-wide or continental
scales, the exploration of temperature variability, as an example, is often
limited to daily averages or daily maxima and minima rather than complete
diurnal profiles (Good, 2015; Ho et al., 2014; Li et al., 2018a; Zhu et al., 2017).
The lack of quality temporal and spatial data prevents proper algorithmic
validation, which often happens when dealing with MODIS and Landsat,
which are limited to two data points per day and a single point every 16
days, respectively (Cook et al., 2014; Wan, 2015).

These limitations were undoubtedly taken into account when develop-
ing the latest Geostationary Operational Environmental Satellite (GOES),
GOES-16, which boasts 5-minute scan intervals and 2-km spatial granularity
(Yu et al., 2016). With its high temporal resolution, GOES-16 is already
being utilized for testing and development of ready-to-use products like sea
surface temperature (Castro et al., 2018; Nardelli et al., 2015; Petrenko et al.,
2011) and aerosol estimates (Hoff et al., 2014). However, other important
near-surface measures like air temperature and humidity remain mostly un-
explored, despite their correlation to debilitating urban heat island (UHI)
effects (Jin, 2012). And since UHI has been well-documented as a catalyst
for increased death tolls due to extreme heat (Tan et al., 2010; Zhao et al.,
2014), it is the driving force behind the need for an accurate and robust air
temperature algorithm.

Beyond applications with GOES-16, numerous studies have developed
near-surface air temperature, T,;., algorithms built around remote sensing

tools (Benali et al., 2012; Nieto et al., 2011; Sun et al., 2005). For the abun-
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Figure 1: Ground station distribution atop the National Land Cover Database (NLCD)
in the continental United States. Each group of points is centered around an urban area
where each pointfalls within 50-km of the center of the corresponding city. The NLCD
land cover classes, ground station elevation and latitude and longitude will be used as

inputs to the air temperature algorithm.

dance of studies available, many are urban-specific and employ both statis-
tical and physical methodologies (Bechtel et al., 2017; Cristébal et al., 2008;
Hu et al., 2015; Schuch et al., 2017; Tsin et al., 2016). And while a majority
of the analyses use linear and non-linear regression (Fabiola Flores and Lillo,
2010; Florio et al., 2004; Fung et al., 2009; Golkar et al., 2018; Janatian et al.,
2017), other more contemporary techniques like kriging and machine learning

have been validated and tested for urban sites (Jang et al., 2004; Mao et al.,
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2008; Marzban et al., 2018; Szymanowski et al., 2013). Many of the studies
also incorporate multiple variables such as the normalized difference vegeta-
tion index (NDVI), land cover properties, total precipitable water (TPW),
solar zenith angle, etc. to increase the correlation between satellite observa-
tions and ground processes (Hengl et al., 2012; Hu and Brunsell, 2015).

Following a thorough review of the relevant studies above (14 in total),
ranges of root mean square error (RMSE) and mean absolute error (MAE)
estimates have been established for benchmarking the success of an accurate
urban air temperature model (Chai and Draxler, 2014). The range of ob-
served RMSE values spans 2-3K on average, and the average range of MAE
is slightly smaller with 1.8-2.8K. For each city used in this study, the average
diurnal air temperature range is 14K, establishing an expected daily error
of 13% - 21%. The lower limits are treated as the performance metrics for
the algorithm developed in this study. And while no comprehensive satellite-
derived T,;. performance metric exists - the average ranges can establish
bounds for a new algorithm derived using the GOES-16 satellite.

In this study, several new techniques correlating land surface temperature
(LST) and air temperature are introduced. A novel, Gaussian, diurnal fit
between LST and T, is proposed. And while others have applied diurnal fits
to LST with sine and spline curves, this is the first to do so with a Gaussian
function (Gholamnia et al., 2017; Stisen et al., 2007). Furthermore, to expand
the study to a country-wide scale, a neural network is invoked to expose the
relationship between complex terrain, LST, and 7;.. Gaussian constants are
identified for each city by incorporating the National Land Cover Database

(NLCD), geographic coordinates, elevation, and time of day into the neural
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network. The goal is to decouple geography and urbanization from LST to
more accurately predict air temperature (Bechtel et al., 2014; Rendén et al.,
2014; Zhang et al., 2011a).

In the next section, methods for acquiring data will be discussed us-
ing three resources: the GOES-16 satellite, the Automated Surface Observ-
ing System (ASOS), and the numerical Weather Research and Forecasting
(WRF) model. The following section describes in detail the methodology
associated with correlating LST to T,;. and utilizing local and land cover
properties for incorporation into the neural network. Then, the results will
be introduced with training and independence tests between the satellite al-
gorithm, ground observations, and numerical model. Lastly, a discussion and
concluding section will help clarify whether the following research goals were

attained:

1. Develop an air temperature model that can recreate diurnal tempera-
ture profiles in urban areas using GOES-16 Land Surface Temperature
(LST)

2. Ensure geographic universality for cities across the U.S. by employing
the National Land Cover Database (NLCD)

3. Compare the algorithm to a state-of-the-art numerical urban climate

model

Part of the concluding section will also discuss the future of this work and
potential urban applications. With the goals laid out above, a satellite-
derived air temperature product will help bridge the gap between the sparse

ground-based micro-networks, and large-scale weather models, which will
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improve upon the air temperature models currently in the literature, and

create a product that can be used in all cities.

2. Data

2.1. Ground Stations

The Automated Surface Observing System (ASOS) was used to ground-
truth T,;. data for training and validation of the LST algorithm. The Iowa
Environmental Mesonet (IEM) houses a complete historic database of 1-hour
ASOS data, making it easy to download and use air temperature data for
comparison. ASOS also gives sky conditions for each station, meaning clear-
sky days are easy to identify for accurate correlation between ground data
and corresponding clear GOES-16 data.

Ground stations were selected based on a 50-km radius drawn from the
center of each city (based on the city’s shapefile boundary). In total, 206
ASOS stations from 26 cities across the continental United States were used
to establish geographic coordinates and identify nearby satellite pixels. Fig-
ure 1 shows the distribution of ground stations across the continental United
States. The ten most populated cities were selected first, followed by 16
other cities with varying geography and elevation. The stations differed in
latitude, longitude, elevation, land cover, and population.

The land cover-specific properties for each satellite pixel were classified
using the NLCD, while a digital elevation model and geographic coordinates
were selected as point data from each ground station. The model, therefore,
relies heavily on the land cover distribution within each satellite pixel rather

than ground station point. This was done with the intention of capturing
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land cover effects on the 2km satellite pixel that may not affect the ground
station. These properties were recorded with the intention of detrending
the relationship between satellite LST and ground air temperature using a
diurnal regressive neural network.

The ASOS were recorded for ten months: five months dedicated to train-
ing and five months dedicated to validation. The specific periods dedicated
were: January 1, 2018 - May 31, 2018 for the training, and July 1, 2018 -
November 30, 2018 for the validation. June 2018 data were skipped due to
issues in GOES-16 data. Each station was required to have at least three
points per hour for the training and validation periods, reducing the total

number of stations to 162 for the complete analysis.

2.2. National Land Cover Database (NLCD)

The NLCD 2011 was used to characterize each GOES-16 satellite pixel
into 16 land cover classes (NLCD contains 20 classes in total, but four are
Alaska-specific) (Wickham et al., 2014). The land cover classes are weighted
as percentages for each satellite pixel such that each pixel carries an array of
ground properties, and since the NLCD has a resolution of 30-m and GOES-
16 has a resolution of 2-km, we have over 4000 values that are weighted
for each satellite pixel. This was done with the intention of expanding the
database used by the neural network, which proves essential for increased

performance from the air temperature model.

2.3. GOES-16 Satellite

The GOES-16 Enterprise Land Surface Temperature (LST) product is de-

livered at 5-minute intervals, allowing high temporal resolution comparison
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against ground-truth air temperature. The LST is calculated using IR bands
14 (11.2pm) and 15 (12.3pm), and a daily split-window channel emissivity
developed by the Land Surface Temperature Algorithm Working Group at
NOAA. The enterprise LST product differs from the official baseline LST
in temporal resolution (5-min vs 1-hour). The algorithm is being developed
for multiple sensors, the first being the Visible Infrared Imaging Radiome-
ter Suite (VIIRS), and will be publicly available on the GOES-16 Advanced
Baseline Imager (ABI) in the future (Yu et al., 2017). Currently, the imple-
mentation into the GOES-16 satellite is only available to our team.

The enterprise algorithm narrows the temporal comparison window be-
tween satellite LST and ground air temperature down to 2.5 minutes (com-
pared to the usual 30 minutes). The LST product also has a spatial resolution
of 2-km, meaning that most of the ground stations were delegated a unique
satellite pixel for testing and validation of the algorithm. The GOES-16
product is designed to have an accuracy below 2.5 K, however, the accuracy
and precision will be essential for statistical prediction of the air temperature
algorithm development. For the case study of VIIRS - errors spanned 0.3 K
- 0.9 K, which indicates the absolute minimum accuracy of the potential air

temperature algorithm.

2.4. Urbanized Weather Research and Forecasting Model
The Weather Research and Forecasting (WRF version 3.9.9.1) model

(Skamarock and Coauthors, 2008) initialized with the North American Mesoscale

(NAM) forecast was run from June 14 - Jun 16, 2018. The model config-
uration utilizes three domains centered over New York City with domain

resolutions of 9-km (120x120), 3-km (121x121), and 1-km (85x82). There

9
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are b1 vertical levels, with the first level at 10-m and a total of 30 levels
below 1000-m intended to resolve the atmospheric boundary layer.

For the radiation schemes, the Dudhia scheme (Dudhia, 1989) is used for
shortwave, and the Rapid Radiative Transfer Model is used for the longwave
(Mlawer et al., 1997). Only the two coarser domains run the Kain-Fritsch
cumulus parameterization (Kain, 2004), and only the 1-km domain uses mi-
crophysics, for which the WRF Single-moment 6-class scheme was selected.
For the land surface model, the NOAH scheme was used (Tewari et al.,
2016). The Mellor-Yamada-Janjic and the Eta Similarity schemes (Janji¢,
1994) were used for the boundary layer and surface layer schemes, respec-
tively.

The large number of levels in the boundary-layer helps to better represent
the building-atmosphere interaction within a multi-layer urban canopy frame-
work developed by (Martilli et al., 2002). The coupled Building Environment
Parameterization (BEP) and Building Energy Model (BEM) (Salamanca and
Martilli, 2009) parameterize the urban surface exchanges. Additionally, a
cooling tower was added to the BEM parameterization to account for the
latent heat released from buildings (Gutierrez et al., 2015). For the urban
grids in New York City, the Primary Land Use Tax Lot Output (PLUTO),
was used to define the urban morphology parameters of building area frac-
tion, building surface area-to-height ratio, and building heights according to
(Gutiérrez et al., 2015). The PLUTO data has been aggregated from its
tax-lot based resolution to 1-km aggregates for the fine resolution domain.
Accounting for the mechanical and thermal effects of buildings has also re-

sulted in more accurate estimates of urban temperature and winds (Gutiérrez

10
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et al., 2015).

3. Algorithms and Data Training

3.1. Relationship Between LST and Air Temperature

The relationship between satellite LST and 2-m air temperature has been
observed and quantified in several remote sensing and environmental studies
(Gallo et al., 2011; Mutiibwa et al., 2015; Shen and G Leptoukh, 2011). For
the current analysis, a robust correlation between the 162 ground stations
and their corresponding nearby LST value is established using the GOES-16
satellite. The five-month averaged training profiles (Jan - May, 2018) for
each of the 162 stations is shown in Fig. 2. These difference plots indicate a
clear diurnal profile, which was crucial for establishing a general relationship
between ground and satellite data.

A Gaussian function was chosen to fit the profiles in Fig. 2 and resulted
in the best overall performance for all 162 stations. The overall error in the
averaged diurnal plots indicate a minimum absolute error for the algorithm of
1.65 K. This value marks the minimum achievable error between our satellite
air temperature algorithm and the ground station true air temperature. And
since this value is below almost every study in the literature, a decision was
made to continue with this method of analysis under the hypothesis that the

application has the potential to outperform other models.

3.2. Diurnal Gaussian Fit

The Gaussian fit was chosen based on its similarity to the profile observed

in the diurnal difference between air temperature and satellite LST. It is also

11
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Figure 2: Hourly-averaged difference between ground station air temperature and the
nearest GOES-16 LST pixel. The hourly averages have been computed for five months of
training data, which includes 162 stations across the continental U.S.A. in 26 cities. The
mean absolute error for the averages is 1.65K, indicating the lower limit on the possible

performance for the diurnal model.

a novel choice, as many choose either sinusoidal, linear, or spline fits when
correlating the two measurements (Zhou et al., 2013). Since the Gaussian fit
was chosen over the other methods, it also requires a total of four constants
as part of its input. In our case, we use the satellite LST and time-of-day
(UTC) as input variables, which leads to our final modeling equation:

(t—tp)?

Toir = TrsT + yo — Age 202 (1)

The four parameters, yo, Ao, t,, and o are all found using properties of

the GOES-16 pixel and air temperature elevation (the ground station in

12
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this case). Each of the parameters in the Gaussian fit can be thought of as
different warpings due to station and geographic location. Ty g7 is the GOES-
16 land surface temperature at the nearest pixel to the ground station (within
5-minutes from the ground station), ¢ is the time-of-day input with units of
hours, ¢, is a time-of-day peak shift parameter with units of hours, o is a
Gaussian width parameter with units of hours, yq is a shift parameterwith
units of Kelvin, and Ay is an amplitude parameter with units of Kelvin.
The Gaussian was fitted using a method similar to that mentioned in
(Guo, 2011) and (Bonham-Carter, 1988), where the exponential function is
used to maximize the correlation between the Gaussian function and the
diurnal difference between LST and T,;.. Using a non-linear least-squares
method, each ground station produced a series of parameters from each fit,
which were then input to a database consisting of four parameters for each of
the 162 ground station points. This array of 162 by 4 will later be used in the
regressive neural network to find a relationship between the land cover, lati-

tude, longitude, and elevation and each of the four constants in the Gaussian

fit.

3.3. Regressive Neural Network

A regressive neural network was used to identify and weight the influence
of land cover, elevation, latitude, and longitude such that unique expres-
sions can be established for all four Gaussian constants based on the local
landscape (Mas and Flores, 2008). The neural network is capable of loop-
ing through each of the 19 local parameters (16 NLCD classes, elevation,
latitude, longitude) and quantifying the dependence of each on the Gaus-

sian constants. Below is an implementation of the coefficients on each local

13
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Figure 3: Flow diagram for calculating air temperature from GOES-16 land surface tem-

perature (LST) using a diurnal Gaussian model and a regressive neural network.

parameter:

N=18

Yo, Ao, tp, 0 = Z Cikpijk + Djk (2)

;i k=0

where j is the index of the Gaussian parameter (0 is yo, 1 is Ay, 2 is t,,, and
3 is o). The ¢ indicates a specific station, Cjy, D, represent the universal
constants for the model which are looped over a specific Gaussian parameter
and pixel-specific index (k), and p; ; signifies which value to use based on

index of Gaussian parameter, station, and pixel-specific index.

14
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4. Results

4.1. Air Temperature Model Performance Against Ground Stations

For testing of the regressive neural network performance, 162 different
GOES-16 pixels in 26 cities were used to create a database containing coeffi-
cients for each respective diurnal Gaussian curve. The database was used to
train the regressive neural network which established relationships between
satellite land surface temperature (LST) and ground station air tempera-
ture (7). The study trained over five months (January 1, 2018 - May
31, 2018) of data, with the ground station acting as the latitude and lon-
gitude location and the nearest GOES-16 pixel as the comparison point.
Four statistical variables were calculated: coefficient of determination (R?),
root-mean-square error (RMSE), mean-absolute error (MAE), and mean bias

(Bias). The statistical measures are defined and used as follows:

Zi (T;,model - m)Q

RP=1-— = 3
Zi<ﬂ,air - Tair)2 ( )

1 N
RMSE = N Z i,model — 44 azr>2 (4>
MAE = Z |,-Tz model — 44 azr| (5>

=1

1 N

BlaS = N g i,model — L4 cm") (6>

For each station, the four statistical measures were calculated as general

performance metrics. Overall, for 162 stations, the statistical outcomes were

15
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Table 1: Average model performance statistics against ground station data for the training

period (Jan. - May) and validation period (July - Nov.)

Dates (2018)  Stations # Points R? RMSE MAE  Bias

Jan. 1- May 31 162 1284 0.90 24 1.8 0.3
July 1 - Nov. 30 156 1617 0.86 2.6 2.2 0.8

calculated for both the five month training and five month validation periods.
The statistical results of both periods can be found in Table 1.

As expected, we see a slight decrease in performance metrics for the vali-
dation period compared to the training period. The R? value is slightly lower
from 0.9 to 0.86, the RMSE and MAE only increased by 0.2 K and 0.4 K,
respectively. And the bias increased to 0.8 K from 0.3 K. It was thought
that the increase in bias was due to seasonal dependence, however, reversing
the training and validation periods did not produce a bias in the negative
direction - indicating that seasonal dependence is likely not the cause. These
results demonstrate very good agreement between the training and valida-
tion, as well as the stability of the algorithm over multiple seasons and large
ranges in temperatures.

Figure 4 demonstrates the performance of the model for four urban sites
across the country. The sites were chosen based on their urbanization, which
is the sum of all four urban categories. The second criteria was based on the
availability of consecutive clear periods, which we can see as smooth profiles.
The selected days contain periods of dropped data, both as a result of satellite
LST product quality filtering and unavailable ground station periods.

Several observations can be made regarding the diurnal profiles in Figure

16
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Figure 4: Diurnal reconstruction of air temperature from LST against ground stations for
the validation period July - November 2018. Plot a) is from an urban station north east
of San Francisco. Plot b) is from a Chicago station. Plot ¢) is from a station southwest of

Dallas, and plot d) is from a Seattle-area station.

4. First, we can see marginal over-prediction during the daytime and under-
prediction during the nighttime. This is likely due to the imperfect Gaussian
fit applied to the diurnal profiles. We can also see the over-prediction in the
average bias calculated in Table 1, which quantified the bias to be about 0.8
K.

An example of the scatter for three individual stations against their re-
spective satellite predictions can be seen in Figure 5. The distribution of data
can be observed as well-fitted to the one-to-one line, and this is true for mul-
tiple stations. There is also little-to-no temperature dependence on accuracy,

which signifies great linearity between satellite algorithm and ground-truth

17



301

302

303

304

305

306

307

300

—— 1:1 Line .

I Distribution

T
Station: KGPM (88% Urban)
Count: 2690
RMSE = 2.3

10

R? = 0.94
Bias = 0.1

-10
280

280 290 300 310 0.3 0.2 0.1
310

Station: KLDJ (93% Urban)
Count: 1623
RMSE = 2.0
R? = 0.95
Bias = 0.6

vl

— 300

n [K]

S
£ 290

2
g 280

| ©
3
J!E_L — JJ_IpaJd_L

I
5270

|
=
o

ol
)

290 300 310 0.3 0.2 0.1

310 Station: KSAC (100% Urban)

Count: 1957
RMSE = 2.3
R? =0.91
Bias = 0.4

v

300
290

280

-10

275 280 285

290 295 300 305 310
Tafr, actual [K]

0.15 0.10 0.05
Proportion

Figure 5: Scatter and difference plots for ground station and satellite-predicted air tem-
perature for three individual stations in Dallas, TX (top), Elizabeth, NJ (middle), and
Sacramento, CA (bottom). Each station is at least 70% urban. The scatter shows the
adherence of the prediction algorithm to the true ground station temperatures. The dis-

tribution shows the distribution of the scatter.

station measurements. This high correlation also alludes to the likelihood

that extreme heat events can be tracked without decrease in accuracy.

4.2. Satellite-Derived Air Temperature, Urban Weather Model, and Ground

Station Comparison

The urbanized weather research and forecasting model (WRF') was com-
pared to ground stations in the same method as the GOES-16 satellite-

derived air temperature. The nearest spatial pixel to a given ground sta-

18



308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

tion was used, and the closest temporal periods were compared (within 30-
minutes). The testing was done from June 14 - Jun 16, 2018 for a test
period of 72-hours. Six ground stations were selected for comparison in the
New York City area (three in urban New Jersey and three in the New York
boroughs).

The RMSE between the uWRF model and ground stations was found
to be 1.6 K, while the RMSE between the satellite-derived air temperature
and ground stations was approximated to be 2.1 K. Therefore, we can infer
that the model outperforms the algorithm by 0.5 K for the test period and
limited spatial domain. It should be noted that the uWRF model used here
has representations for buildings and various urban processes, including heat
and water vapor exhaust from ventilation systems, which is likely the reason
for such strong performance. The model has also been specifically tailored
for the New York City region. Three example stations comparing the air
temperatures from all three methods (WWRF, satellite, ground station) can
be seen in Figure 6.

Both air temperature models carry an inherent bias when compared to
the ground stations, the uWRF bias is 0.1 K and the GOES-16 bias is 1.2 K.
We saw the same bias above in the country-wide comparison between satellite
air temperature and ground station. Another detail to note from Fig. 6 is
the occurrence of dropped data. The dropped data phenomenon is likely due
to cloud contamination, which occurs frequently during the summer in New
York City during and just after peak heating. Therefore, some of the error
associated with the satellite-derived model can be attributed to interchange

periods between clear and cloudy skies.

19



333

334

335

336

337

338

339

340

341

342

w
&
&

w

&

5
B
<
o

3
&
o

3
&
Temperature [K]

Temperature [K]

290 290.0

KLDJ J 3025 KNYC

RMSEsateHrte = 1 8 3000 RMSEsatelllte =14

RMSE, wrF = 1. MSE,wrF = 1.4
N / 2025 \7

Jun1404:55  Jun1419:25  Jun1509:55  Jun1600:25  Jun 16 14:55 Jun 14 05:51 Jun 14 20:06 Jun 15 10:21 Jun 16 00:36 Jun 16 14:51
Time [Month-Day Hour] Time [Month-Day Hour]

KTEB
305 RMSEsateII/te =24
RMSEqwrr = 1.2 —— Satellite Prediction
—— UuWRF Model
—— Ground Station

290

Temperature [K]
3
&

Jun 14 04:51 Jun 14 19:21 Jun 15 09:51 Jun 16 00:21 Jun 16 14:51
Time [Month-Day Hour]

Figure 6: uWRF model 2-m air temperature output, GOES-16 air temperature prediction
using LST, and ASOS ground station air temperature shown for three days in June 2018.
The gaps in data represent dropped or unavailable data from either the satellite or ground

station.

In the future, the biases and errors associated with the satellite model may
be predictable and correctable , perhaps by introducing a higher resolution
land surface temperature product via downscaling and cloud cover-specific
prediction algorithms, however, those are tasks to be broached in a future
work. In the next section, the ground stations will be omitted to facilitate
a larger spatial correlation between uWREF' predictions and satellite-derived

air temperature can be further analyzed.

4.8. Spatial Distribution of Air Temperature

After verifying the correlation between ground stations, uWRF pixels,

and satellite-derived air temperature, we can investigate the spatial correla-
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tion between uWRF and satellite pixels where ground stations do not exist.
A 81x84 pixel grid resulted in roughly 6,804 pixels available for correlation
between satellite and uWRF temperatures. This correlation downscales the
satellite air temperature model from 2-km to 1-km to match the research fore-
casting model. An example snapshot of the difference between the GOES-16
prediction and the uWRF model can be seen in Figure 7.a. For the test
period, the RMSE between the two methods was found to be 2.1 K, with the
satellite-derived air temperature prediction having a bias of 1.1 K.

The correlation between the two is acceptable, considering there are spa-
tial artifacts that can be observed such as incoming cloud contamination and
dropped pixels. On very clear days, the RMSE ranges from 1.0 K to 1.5 K
, indicating an even stronger correlation under ideal conditions. The low
error between numerical model and LST-derived air temperature suggests
that the model is portable and reliable for use as a high-resolution, efficient,
accurate prediction of air temperature in cities across the United States.

Another example of the model’s ability to recreate spatial maps is given
in Fig. 7.b, where an independent snapshot was captured for a heat wave in
New York City on August 28, 2018 during the peak temperature of the day.
The plot in Figure 7.b shows the ability of the algorithm to capture pockets
of heat, specifically in the more urban areas of the city. According to the
LST-derived air temperature reproduction, temperatures in the city reached
as high as 309 K during the daytime. And upon examination of weather
records from that day, the maximum air temperature was found to be 308
K - meaning the algorithm could be used for citing extreme heat events and

localization of hot spots in urban areas.
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Figure 7: Plot a) shows a spatial comparison between satellite-predicted air temperature
and WRF 2-m air temperature in plot. And plot b) shows spatial satellite-derived air
temperature plot over the New York City area during a heat wave, showing the stability

of the air temperature algorithm during an extreme heat event.

Something particular to note is that just in the New York area shown in
Fig. 7 , satellite-derived air temperature variations span up to 14K, which
likely indicates cloud contamination. This could be an issue during imple-
mentation of the algorithm and may need addressing in the future. For
daytime peaks during the heat wave, neighboring pixels were observed to
vary 0.2-0.5K on average, with standard deviations as high as 0.8K, which
can be interpreted as neighboring pixels that can be as large as 1.3K. These

variations can have huge implications on urban applications such as energy

and health.
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5. Discussion

5.1. Geospatial Inconsistencies

In Fig. 8, the spatial distribution of error between satellite-derived air
temperature and ground station air temperature is mapped across the con-
tinental U.S. for each of the 156 urban ASOS stations. After an in-depth
inspection of the errors, there does not appear to be any strong correlation
between the input parameters (i.e. latitude, longitude, elevation, land cover)
and the RMS errors (R? < 0.1 for each linear fit).

One weak correlation between error and input parameter is the elevation
(R* =~ 0.08 for the linear fit between elevation and RMS). The scatter is
large, but an increase in elevation can be observed to weakly increase the
RMS error. A few publications in the literature state that the coupling
between air temperature and LST gets weaker at higher elevations (Deng
et al., 2018; Lin et al., 2016; Pepin et al., 2016), so this is one hypothesis for

the weak correlation and higher RMS at higher elevations.

5.2. Comparison with Other Studies

The difficulty of comparing the current study against others is that no
other research has developed a country-wide, urban, diurnal, satellite-based
air temperature model at such a high resolution in space and time. As stated
in the introduction, many studies have developed daily mean, minimum, and
maximum air temperature models using satellite data (Cristébal et al., 2008;
Good, 2015; Ho et al., 2014; Li et al., 2018a; Shi et al., 2016; Zhu et al.,
2017).
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One such study by (Gholamnia et al., 2017) used a similar method for
diurnal analysis and focused on the country of Iran. It validated its data
against the same stations it trained (no independent spatial verification),
and did not focus on urban areas. And while the average error found in
that study was 2.1 K, a lower error than our study, it wasn’t tested for
independence in spatial variability. Another study by (Rhee and Im, 2014)
conducted in South Korea showed that errors of daily mean temperature were
still between 2-4 K, which it cited as not much of an improvement compared
to competing studies. Other larger studies cite similar errors ranging from
1-4 K, which is in line with this study’s observations (Mildrexler et al., 2011;
Song and Park, 2014).

As for urban areas, most studies are concerned with using LST for quan-
tifying urban heat island effects (Agathangelidis et al., 2016), and many
focus on a single region or city (Nichol et al., 2009; Oswald et al., 2012).
Moreover, for the studies that do handle LST and air temperature in urban
areas, their methods are limited to linear relationships that are surely not
portable between cities (Azevedo et al., 2016; Koenig and Hall, 2010; Shen
and Leptoukh, 2011).

Lastly, spatial variability of air temperature is difficult to quantify in ur-
ban areas where heterogeneity dominates. However, it is likely that with the
aid of ground station networks at higher resolution than the ASOS network,
the error associated with satellite-derived air temperature will become even
lower than quantified in this paper. Some studies have already tested var-
ious spatial algorithms, including complicated methods like kriging (Zhang
et al., 2011b), but they carry errors as large as or larger than this study
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(Monestiez et al., 2001), and typically omit urban-specific sites.

It is important to note that this is a unique algorithm and methodology
based on the advantages of the GOES-16 high temporal resolution satellite.
The algorithm competes with many of the partial studies that have been con-
ducted on similar topics of urban air temperature derivations from satellite
land surface temperature. It excels due to the temporal information gained
from the satellite’s resolution, which facilitated country-wide algorithm de-
velopment for approximating the diurnal profile of air temperature in cities.
The uniqueness and range of the algorithm makes it difficult to directly com-
pare with other studies, however as a broad quantification - the algorithm can

arguably compete with other studies and algorithms because of its simplicity.

5.8. Application Potential

The air temperature model could provide unique solutions for an array
of problems impacting the urban environment. The air temperature model
can play a critical role in understanding urban heat island issues. It will be
able to predict thermal hotspots within cities and coupled to social-economic
data (O'Neill et al., 2005; Petkova et al., 2016), it can be used to quantify
social vulnerability of various neighborhoods. The model’s ability to spa-
tially resolve urban air temperature will be beneficial for urban planning and
understanding intra-city temperature variability. The model can be used to
forecast spatially resolved heat indices for various cities (Rosenthal et al.,
2014).

Currently, single point observations and weather forecasts are used to
predict heat index during extreme heat events. While single point measure-

ments fail to represent spatial variability, modern forecasts from the National
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Figure 8: Overall error distribution for all 156 stations during the validation period from

July - November 2018.

Weather Service also lack representation for urban areas. Hence, in the ma-
jority of cases, the urban heat index is mostly under predicted. Our model
has the potential to create an accurate and cost-effective solution. We are
currently working on a remote sensing-based model to calculate relative hu-
midity for cities, which will hopefully improve the prediction of heat index
in cities.

Another area where the model could be useful is in the field of urban
energy use, distribution and power generation (Jones et al., 2015). Air tem-
perature is well correlated with energy use and many models exploit this cor-
relation to forecast energy demand that is vital for power generation (Krarti

et al., 2017). Our model will be able to predict potential spatial variability
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in energy use. By coupling it to a building database, it could also predict
vulnerable zones within the city. Ultimately the tool can be used to design
smart distribution systems. The air temperature model can also be used to
create a high resolution dataset to force urban climate models, which are

increasingly used to study urban climate dynamics.

6. Conclusion

This research combined GOES-16 LST with land cover properties, geo-
graphic coordinates, elevation information, and time-of-day to create a ro-
bust Gaussian approximation of 2-m air temperature. The coefficients for
each satellite pixel were derived using a regressive neural network and com-
parison against true air temperature at ground stations across the U.S. The
performance of the GOES-16 air temperature model was further validated
by comparison with a numerical WRF model, indicating agreement and per-
formance between the satellite air temperature model and numerical 2-m air
temperature.

The average RMSE between satellite-derived and measured 2-m air tem-
perature was found to be 2.6 K for 156 pixels across 26 different cities in
the continental United States (see Fig. 8 for the geospatial distribution of
error). When comparing the algorithm to the numerical model, a RMSE of
2.1 K was calculated for nearly 7k pixels over a three day period during the
summer of 2018. For very clear days, the RMSE decreased to as low as 1.0 K,
indicating a strong correlation and great performance of the satellite-derived
air temperature against the numerical 2-m air temperature. The algorithm

shows great promise for improving the current air temperatures in cities, as
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they are often reliant on lower-resolution numerical models or single-point
observations. This algorithm is the first step toward a possible heat index
product - a parameter that is essential for marking extreme heat events,
specifically in urban areas where death tolls can rise beyond the surrounding

areas.
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