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ABSTRACT: Remote sensing has shown an immense capability for large-scale estimation of air temperature (Tair), one of
the most important environmental state variables, using land surface temperature (LST) data. Following recent investigations
on the Tair –LST relationship, in this article, we propose an advanced statistical approach to this realm. We tested the approach
for estimation of Tair in eastern part of Iran using MODIS daytime and nighttime LST products and 11 auxiliary variables
including Julian day, solar zenith angle, extraterrestrial solar radiation, latitude, altitude, reflectance at various visible and
infrared bands and vegetation indices. Fourteen statistical models constructed through a stepwise regression analysis were
evaluated along a 5-year period (2000–2004) using MODIS and meteorological station data. Results of this study indicated
that the statistical approach performed reasonably well, where our final proposed model could estimate average Tair with
validation mean absolute error of 2.3 and 1.8 ∘C at daily and weekly scales, respectively. Nighttime LST , Julian day, altitude
and solar zenith angle indicated to be the most effective variables capturing most variations of Tair in the study region. Variables
influenced by land surface and land cover properties including reflectance at different bands and vegetation indices showed
a negligible effect on the Tair-LST relationship within the study area. It was indicated that the proposed models generally
performed better for lower altitude regions.
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1. Introduction

Near-surface air temperature (Tair), typically measured
at the height of 2 m above ground, is one of the most
important state variables often required in a broad range
of environmental studies such as weather forecasting (e.g.
Christiansen, 2005), hydrology (e.g. Izady et al., 2015),
evapotranspiration estimation (e.g. de Bruin et al., 2010),
crop yield prediction (e.g. Balaghi et al., 2008) and climate
change investigations (e.g. Ji et al., 2014).

The spatiotemporal Tair patterns can be highly variable
and complex depending on heterogeneity of the environ-
mental factors controlling the energy balance components
(Benali et al., 2012). Hence, the point-scale measurements
of Tair through the weather stations are not often optimal
for regional studies (Rigor et al., 2000; Kloog et al., 2014).
The lack of contiguous spatial data is more pronounced
in developing countries, e.g. Iran; our case study here, in
which the spatial distribution of the weather stations is
highly variable, while sparse in most cases.

* Correspondence to: M. Sadeghi, Department of Plants, Soils and
Climate, Utah State University, 4820 Old Main Hill, Logan, UT
84322-4820, USA. E-mail: morteza.sadeghi@usu.edu

Interpolation of the stations measurements, e.g. by geo-
statistical methods is a common practice to map the spatial
variability of Tair (e.g. Couralt and Monestiez, 1999; Bena-
vides et al., 2007). However, this approach has limited
capability to describe the spatial variability when studying
large areas of the Earth (Benali et al., 2012). The interpola-
tion method would be more erroneous where meteorologi-
cal observations are sparse (Willmott and Robeson, 1995)
as is the case in our study area, Iran, having only about
300 synoptic stations spread all over the country which are
obviously inadequate for such a vast country with an area
of 1 648 000 km2.

In recent years, remote sensing (RS) has shown an
immense capability to provide estimates of Tair spatial
distribution mainly using land surface temperature (LST)
which can be remotely retrieved from the thermal radi-
ant emissions of the Earth’s surface. The derivation of Tair
from satellite information thus includes two steps: (1) the
derivation of LST from the thermal infrared signals (wave-
length between 3.5 and 14 μm) received by the remote
sensors and (2) the estimation of Tair from LST . Various
studies implementing different modelling approaches have
indicated that total error associated with both steps [in
terms of root mean squared error (RMSE)] in Tair esti-
mation commonly ranges between 2 and 3 ∘C (based on
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Table 1. The most common auxiliary variables which have been
studied in addition to LST for Tair estimation using advanced

statistical methods.

Reference Auxiliary variable(s)

Cresswell et al. (1999) Solar Zenith Angle
Jang et al. (2004) Solar Zenith Angle, Julian Day,

Visible Band, Near-Infrared
Band, Mid-Infrared Band,
Altitude

Yan et al. (2009) Longitude, Latitude, Altitude
Xu et al. (2012) Solar Zenith Angle, Solar

Azimuth Angle, NDVI, Surface
Albedo, Downwelling Solar
Radiation Flux, Altitude

Benali et al. (2012) Julian Day, Day Length,
Distance to Coast, Altitude, The
KT Coefficient in the
Hargreaves-Samani Equation

Emamifar et al. (2013) Julian Day, Extraterrestrial
Radiation

Chen et al. (2014) Altitude
Good (2015) Vegetation Fraction, Urban

Fraction, Distance to Coast,
Latitude, Altitude

studies cited in Table 1), where errors associated with the
first step solely can be as large as 1–3 ∘C (Sun and Pinker,
2003; Coll et al., 2005; Freitas et al., 2013). Note that
systematic regional errors in the satellite data could be
reduced through regression against station data (method
used in the studies cited in Table 1).

Implementing the LST products of the Moderate Reso-
lution Imaging Spectroradiometer (MODIS) in this study
and assuming that the products are adequate in represent-
ing the true surface temperature, the first step goes beyond
the scope of this study (Interested readers are referred to
discussions on the uncertainties associated with the LST
retrieval existing in the literature, e.g. Hulley et al., 2012;
Freitas et al., 2010). Therefore, we investigate here only
the Tair –LST relationship. Regarding the second step, esti-
mation of Tair from LST data, three major categories of
methods may be distinguished in literature (Zaksek and
Schroedter-Homscheidt, 2009; Moser et al., 2015):

(1) Energy-balance-based methods (e.g. Sun et al., 2005;
Zhang et al., 2015) which have a strong physical basis
equating the sum of incoming net radiation and anthro-
pogenic heat fluxes to the sum of the surface sensible and
latent heat fluxes. The major drawback of these methods
is that they commonly require difficult-to-determine input
information, all of which cannot be extracted by RS data
(Prince et al., 1998; Mostovoy et al., 2006).

(2) The temperature-vegetation index (TVX) method
which is based on the assumption that there is a strong neg-
ative correlation between LST and a vegetation index such
as the Normalized Difference Vegetation Index (NDVI)
(Nemani and Running, 1989; Prihodko and Goward, 1997;
Czajkowski et al., 2000; Goward et al., 2002; Stisen et al.,
2007; Zhu et al., 2013). However, the assumption is not
always met in reality or may be affected by seasonality,

ecosystem type and soil moisture variability leading to the
failure of the TVX method in some cases (Sandholt et al.,
2002; Vancutsem et al., 2010).

(3) Statistical methods including simple statistical meth-
ods; a linear regression between LST and Tair (e.g. Vogt
et al., 1997; Mostovoy et al., 2006) and the so-called
advanced statistical methods based on multiple regression
techniques (Cresswell et al., 1999; Yan et al., 2009; Benali
et al., 2012; Xu et al., 2012; Chen et al., 2014; Good,
2015) or other advanced machine learning approaches
such as artificial neural networks (e.g. Jang et al., 2004),
model tree (e.g. Emamifar et al., 2013), random forest (e.g.
Ho et al., 2014) and support vector machine (e.g. Ho et al.,
2014; Moser et al., 2015). In the advanced statistical meth-
ods, Tair is empirically modelled as a function of LST and
additional auxiliary explanatory variables, the most com-
mon of which are listed in Table 1. Although the statistical
methods are usually site-specific and require large amounts
of data to calibrate the regression models, they generally
provide accurate estimates of Tair within the spatial and
time frame they were obtained (Stisen et al., 2007).

Nowadays, Iran is experiencing a serious water cri-
sis which, more than the changing climate or frequent
droughts, is the result of decades of mismanagement
(Madani, 2014). Iran is suffering from the inadequacy of
environmental state variables data such as air tempera-
ture which is a crucial element in many hydrological (e.g.
Majidi et al., 2015) and hydrogeological (e.g. Izady et al.,
2012) models as critical tools for advancing the water man-
agement system.

Driven by the critical need to fill the spatial gap of
the weather stations Tair data in eastern part of Iran, our
primary goal in this study was to develop an estimation
method to determine the spatial distribution of Tair based
on the MODIS LST products. Our specific objectives in
this study were (1) to establish and evaluate a statisti-
cal framework for modelling Tair using long-term MODIS
data, (2) to see how incorporation of various RS and read-
ily available data including reflectance at various wave-
lengths, vegetation indices, solar zenith angle, extraterres-
trial solar radiation, Julian day, latitude and altitude, in
addition to LST , can improve the Tair estimations and (3)
to study the scaling/heterogeneity effects on the Tair –LST
relationship, or in other words, to see how a universal
calibration equation for the entire study area, having a
broad range of climate conditions and land covers, will
work in comparison with local (i.e. site-specific) calibra-
tion equations.

2. Materials and methods

2.1. Meteorological station data and study area

As mentioned earlier, this study has been performed on
eastern part of Iran between latitudes of 30.15 and 37.4∘N
and longitudes of 52.21 and 61.1∘ E. Maximum, minimum
and average air temperature at daily and weekly temporal
scales were considered as the target variables. Data were
collected from 20 synoptic stations within this region from
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Figure 1. Spatial distribution of the stations studied.

March 2000 to December 2004. For the weekly scale anal-
ysis, the daily data were averaged for each week. Figure 1
exhibits spatial distribution of the stations within the study
region. The stations are spread over six provinces of Iran,
including Southern Khorasan, Khorasan Razavi, Northern
Khorasan, Kerman, Yazd and Semnan. As Figure 1 shows,
stations distribution is denser in the north eastern part of
the region, while so sparse in the central desert of Iran
(Dasht-e Kavir). Also the stations are mostly located in
higher altitude regions, while the altitude of 5 stations is
below 1000 m; the remaining 15 stations are above 1000 m.

2.2. MODIS LST data

The MODIS instrument is on board NASA’s Earth Observ-
ing System Terra and Aqua satellites. Terra was launched
December 1999 and Aqua was launched May 2002. Terra
passes over the equator at approximately 10:30 and 22:30
each day, Aqua passes over the equator at approximately
13:30 and 1:30. The satellites pass over each location
on the earth at the same time in every 24-h period
(http://modis.gsfc.nasa.gov/about/).

The MODIS/Terra daily MOD11A1 and 8-day-average
MOD11A2 LST products including daytime (LSTday)
and nighttime (LSTnight) data with the spatial resolution
of 1 km2 were used in this study. The MODIS LST is
derived from two thermal infrared bands, including band
31 (10.78–11.28 μm) and band 32 (11.77–12.27 μm)
(Benali et al., 2012). The atmospheric effects are cor-
rected using the so-called split-window algorithm (Wan
and Dozier, 1996) assuming that the signal difference in
the two thermal infrared bands is due to the atmospheric

absorption (Wan et al., 2002). The algorithm also corrects
for the emissivity effects, assuming that its value is known
in each 1 km2 pixel, using prior knowledge of the land
cover type classification based on the MODIS land cover
product (MOD12C1) (Wan et al., 2002).

For the weekly analysis, the LST products at various
dates along the study period (i.e. 2000–2004) with 8-day
increments were acquired from https://lpdaac.usgs.gov.
For the daily analysis, the LST daily data were collected
along a full year from March 2000 to March 2001. All
available images were collected and a simple filter to
exclude unrealistic temperature values outside of the range
−50 to 100 ∘C was applied. Hence, number of the dates
analysed in this study was various in different stations,
ranging from 164 (in the Sarakhs station) to 191 (in the Fer-
dows station) for the weekly data. It should be noted that
MODIS LST retrievals are not produced for pixels that are
classed as cloudy, although residual cloud contamination
may remain.

2.3. Auxiliary explanatory variables

In addition to LSTday and LSTnight, 11 auxiliary explanatory
variables were considered in this study including latitude
(Lat), altitude (Alt), Julian day (JD), solar zenith angle
(z), extraterrestrial solar radiation (ETSR), the NDVI, the
enhanced vegetation index (EVI), and reflectance at red
(Red), blue (Blue), near-infrared (NIR) and mid-infrared
(MIR) bands.

Altitude data were given by Iran meteorological orga-
nization. Solar zenith angle, Red, Blue, MIR, NIR were
obtained from the daily MOD11A1 and 8-day MOD11A2
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products. NDVI and EVI were acquired from the 16-day
MOD13A2 product (for both daily and weekly analyses,
NDVI and EVI were assumed to be invariant at 16-day
periods). Extraterrestrial solar radiation was estimated
from the latitude and Julian day data through Equations
(21)–(25) of Allen et al. (1998).

Latitude and altitude were used to capture the spatial
variability of climatic conditions on the Tair –LST relation-
ship. Julian day was used to reflect seasonal variation in air
temperature (Jang et al., 2004). The solar zenith angle and
ETSR were incorporated to reflect the diurnal difference of
air temperature (Jang et al., 2004; Emamifar et al., 2013).

Differences in vegetation coverage, soil moisture,
albedo and roughness between different land-cover types
were expected to influence the land-atmosphere energy
exchanges, and therefore translate into different rela-
tionships between the Tair and LST (Xu et al., 2012).
Hence, we studied visible (blue and red) reflectance as
a representative of surface albedo (Strahler and Muller,
1999), the vegetation indices, NDVI and EVI, as indicators
of land vegetation cover, and NIR and MIR reflectance
which were indicated to be strongly correlated with soil
moisture (Whiting et al., 2004; Sadeghi et al., 2015).

We studied both NDVI and EVI for capturing differ-
ent properties of land surface vegetation. The NDVI is
commonly sensitive to chlorophyll content whereas the
EVI is more responsive to canopy structural variations,
including leaf area index, canopy type, plant physiognomy
and canopy architecture. Therefore, these two complement
each other in order to detect vegetation variability regard-
ing coverage or biophysical properties (Huete et al., 2002).

Implementing Sadeghi et al. (2015) physically based
model, we explored to what extent surface soil moisture
(𝜃) can influence on the Tair –LST relationship. The model
indicated to be effective especially in the MIR (or short-
wave infrared) bands where a linear relationship between
𝜃 and a transformed MIR reflectance is generally observed
in bare soils as follows:

𝜃

𝜃s
=

TMIR − TMIRd

TMIRs − TMIRd
(1)

where 𝜃s is the saturated water content, TMIR is the trans-
formed MIR reflectance given as follows and TMIRs and
TMIRd denotes the TMIR at saturated and dry conditions,
respectively:

TMIR = (1 − MIR)2

2MIR
(2)

As suggested by Sadeghi et al. (2015), TMIRs and
TMIRd at each location can be assumed equal to the max-
imum and minimum values of observed TMIR when the
study period is long enough to include the full range of
field saturation (i.e. from air-dry to a maximum moisture
content). This way we could estimate the relative soil mois-
ture (i.e. 𝜃/𝜃s) at each pixel along the study period using the
MIR data and Equations (1) and (2).

2.4. Modelling approach

The 13 explanatory variables (i.e. LSTday, LSTnight and 11
auxiliary variables) were considered for constructing an

advanced statistical model for estimation of Tair based on
multiple linear regression. Note that the term ‘advanced’
is used here only for holding consistency with the liter-
ature and this term does not imply any difference with
regular multiple regression methods. The multiple linear
regression assumes that Tair is ‘linearly’ related to the cho-
sen auxiliary data (Chen et al., 2014) (i.e. strong nonlin-
ear relationships such as sinusoidal or logarithmic are not
allowed). Hence, we first checked the relationship between
each explanatory variable and Tair. Except JD and z which
showed a sinusoidal behaviour, all other variables which
were highly correlated with Tair had a nearly linear cor-
relation. Therefore, rather than JD and z, we used F(JD)
defined as follows and cos(z) which are linearly correlated
with Tair as shown later:

F (JD) = cos

[
2𝜋

(
JD − JDpeak

)
365

]
(3)

where JDpeak is the Julian day of the typically warmest day
of the year, considered here to be equal to 218 which is JD
of the middle day of the year (i.e. Mordad 15th or August
6th) based on the Solar Hijri calendar. Note that incorpo-
ration of such sinusoidal variables, JD and z, directly to a
linear regression model has been an easy mistake made in
some of the previous studies (e.g. Cresswell et al., 1999;
Emamifar et al., 2013).

The weekly data were used for constructing the statistical
models because the daily data commonly show a higher
degree of variability (Vancutsem et al., 2010). The best
model obtained was then applied for estimation of the daily
Tair. All the weekly data were divided into two subsets: (1)
first 3.5 years of the data for calibration of the statistical
models, and (2) the remaining 1.5 year for validation of
the models. To evaluate the best model for the daily data,
they were randomly divided into calibration and validation
sets (2/3 for calibration and 1/3 for validation).

For reaching the best model in terms of accuracy, Pear-
son correlation (R) of each variable with Tair and with
each other was first evaluated. To explore the signifi-
cance of each variable in improvement of Tair estimates,
a one-step-ahead stepwise regression analysis was accom-
plished by successively adding variables; first by using
LSTday and LSTnight only, and then by adding the other vari-
ables one by one from the highest-correlated variable to the
lowest-correlated variable.

Not to face with the multicollinearity error, we avoided
having two highly correlated explanatory variables (i.e.
with squared Pearson correlation, R2, of higher than 0.8
or variance inflation factor of higher than 5) simultane-
ously in a model (O’Brien, 2007). Note that the multi-
collinearity error occurs when some of the explanatory
variables are highly correlated with each other. In such
a case, some explanatory variables will get a regression
coefficient around zero or with an unexpected or unreason-
able sign (e.g. negative for a variable which is positively
correlated with Tair). Therefore, in the stepwise model con-
struction procedure described above, between the highly
correlated variables (i.e. with R2 of higher than 0.8), we
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Figure 2. Calibration set of the weekly data showing the relationship between each explanatory variable and air temperature.

chose only one of them yielding a smaller estimation error.
Additionally, any variable with a regression coefficient of
around zero (i.e. its 95% confidence interval was within a
negative and a positive value) which also had no signifi-
cant reduction in the estimation error was not accepted in
the stepwise model construction. The estimation error was
quantified by the RMSE between station-observed (Oi) and
satellite-estimated (Ei) air temperature data:

RMSE =

[
N−1

N∑
i=1

(
Oi − Ei

)2

]0.5

(4)

where N is the total number of data points. In addition,
mean absolute error (MAE) was calculated for evaluation
of the models for calibration and validation datasets:

MAE = N−1
N∑

i=1

||Oi − Ei
|| (5)

3. Results and discussion

3.1. Inspection of the correlations

Figure 2 includes calibration set of the weekly data show-
ing the relationship between each explanatory variable and
maximum Tair. No strong nonlinear correlation with Tair
was observed, verifying that the multiple linear regression
analysis has been accomplished on a sound basis. Accord-
ingly, Table 2 lists Pearson Correlation coefficients, R, of
all variables with Tair as well as with each other. These
values indicate a high correlation (R2

> 0.8 or |R|> 0.895)
of LSTday with LSTnight, ETSR with cos(z), NIR with Red
and EVI with NDVI. As mentioned earlier, this point was

considered in the model construction procedure to avoid
the multicollinearity error, where only one variable of each
pair (except for LSTs) was allowed to be included in a
model.

As mentioned in the Section 1, we implemented the
statistical method rather than the TVX method as its
main assumption that there is a strong negative correlation
between LST and vegetation indices is rarely met at large
scales. Table 2 highlights this fact by indicating that there is
a weak positive correlation between the vegetation indices,
NDVI and EVI, and LSTday and LSTnight. Therefore, in con-
trast to the basic assumption of the TVX method, the cor-
relation is neither strong nor negative when considering all
stations as a whole. This fact can lead to the failure of the
TVX method if used for estimation of Tair for the entire
study area. A similar finding was reported in some of the
previous work, for example, by Vancutsem et al. (2010)
who concluded that the TVX method presents some lim-
itations to accurately estimate Tair at a continental scale,
although it may work for some specific areas at the local
scale.

This is due to the fact that basic assumptions involved in
the TVX method are not met in large areas. For instance,
atmospheric forcing and soil moisture conditions must be
uniform within the study area when using this method
(Stisen et al., 2007). The uniformity of atmospheric forc-
ing is likely to be fulfilled on clear sky days where the
retrieval of NDVI and LST is possible, while the assump-
tion of uniform soil moisture is presumably fulfilled by
applying this approach in a relatively small pixel array
(Zhu et al., 2013).
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Table 2. Pearson correlation coefficients, R, of all variables with weekly maximum Tair and with each other.

Tair LSTday LSTnight F(JD) ETSR cos(z) MIR NIR EVI Red NDVI Lat Alt Blue

Tair 1.00 0.85 0.90 0.88 0.83 0.83 0.39 0.31 0.26 0.23 0.14 −0.15 −0.07 0.02
LSTday 0.85 1.00 0.94 0.76 0.83 0.85 0.45 0.34 0.24 0.26 0.09 −0.18 0.07 −0.02
LSTnight 0.90 0.94 1.00 0.84 0.84 0.84 0.49 0.38 0.27 0.29 0.12 −0.09 0.00 0.03
F(JD) 0.88 0.76 0.84 1.00 0.69 0.71 0.33 0.26 0.28 0.18 0.17 0.02 −0.02 −0.02
ETSR 0.83 0.83 0.84 0.69 1.00 0.98 0.34 0.35 0.37 0.24 0.25 −0.07 0.02 0.04
cos(z) 0.83 0.85 0.84 0.71 0.98 1.00 0.34 0.32 0.35 0.22 0.24 −0.10 0.05 0.02
MIR 0.39 0.45 0.49 0.33 0.34 0.34 1.00 0.71 0.30 0.61 −0.01 0.14 −0.23 0.20
NIR 0.31 0.34 0.38 0.26 0.35 0.32 0.71 1.00 0.21 0.96 −0.08 0.17 −0.20 0.77
EVI 0.26 0.24 0.27 0.28 0.37 0.35 0.30 0.21 1.00 −0.09 0.91 0.24 0.04 −0.29
Red 0.23 0.26 0.29 0.18 0.24 0.22 0.61 0.96 −0.09 1.00 −0.35 0.11 −0.21 0.89
NDVI 0.14 0.09 0.12 0.17 0.25 0.24 −0.01 −0.08 0.91 −0.35 1.00 0.21 0.10 −0.46
Lat −0.15 −0.18 −0.09 0.02 −0.07 −0.10 0.14 0.17 0.24 0.11 0.21 1.00 −0.55 0.09
Alt −0.07 0.07 0.00 −0.02 0.02 0.05 −0.23 −0.20 0.04 −0.21 0.10 −0.55 1.00 −0.19
Blue 0.02 −0.02 0.03 −0.02 0.04 0.02 0.20 0.77 −0.29 0.89 −0.46 0.09 −0.19 1.00

Values shown in bold indicate a high correlation (R2
> 0.8 or |R|> 0.895) of LSTday with LSTnight, ETSR with cos(z), NIR with red, and EVI with

NDVI which was noticed to avoid the multicollinearity error. Note that R values imply a strong positive correlation, a strong negative correlation and
a weak correlation, when close to 1, −1 and 0, respectively.

Table 3. List of models obtained through the stepwise regression analysis.

Model 1 Tair = co + c1 LSTday

Model 2 Tair = co + c1 LSTnight

Model a (NAa) Tair = co + c1 LSTday + c2 LSTnight

Model 3 Tair = co + c1 LSTnight + c2 F(JD)
Model 4 Tair = co + c1 LSTnight + c2 F(JD)+ c3 ETSR
Model 5 Tair = co + c1 LSTnight + c2 F(JD)+ c3 cos(z)
Model b (NA) Tair = co + c1 LSTnight + c2 F(JD)+ c3 cos(z)+ c4 MIR
Model c (NA) Tair = co + c1 LSTnight + c2 F(JD)+ c3 cos(z)+ c4 NIR
Model d (NA) Tair = co + c1 LSTnight + c2 F(JD)+ c3 cos(z)+ c4 Red
Model 6 Tair = co + c1 LSTnight + c2 F(JD)+ c3 cos(z)+ c4 EVI
Model 7 Tair = co + c1 LSTnight + c2 F(JD)+ c3 cos(z)+ c4 NDVI
Model 8 Tair = co + c1 LSTnight + c2 F(JD)+ c3 cos(z)+ c4 NDVI + c5 Lat
Model 9 Tair = co + c1 LSTnight + c2 F(JD)+ c3 cos(z)+ c4 NDVI + c5 Lat+ c6 Alt
Model e (NA) Tair = co + c1 LSTnight + c2 F(JD)+ c3 cos(z)+ c4 NDVI + c5 Lat+ c6 Alt+ c7 Blue

aNot Accepted due to the multicollinearity error or insignificance of the newly added variable.

3.2. Statistical models

Models constructed through the stepwise regression anal-
ysis are listed in Table 3 with the empirical constants (c0 to
c7) presented in Table 4. Based on the procedure described
above, a total of 14 models were constructed and tested
using the calibration dataset among which 5 models (mod-
els a, b, c, d and e) were not accepted due to the multi-
collinearity error and/or insignificance of the newly added
variable.

As Table 3 shows, LSTnight, F(JD), cos(z), NDVI, Lat and
Alt were the most effective variables which constructed
our final model, model 9. Fitting errors associated with
models 1 and 2 (see Figure 3) revealed that LSTnight is
superior to LSTday for estimating Tair. Hence, LSTday was
discarded from the next steps when observing that the
model including both LSTday and LSTnight (i.e. model a)
faced with the multicollinearity error due to the high
correlation between these two variables (see the constants
of Model a in Table 4).

Latitude and altitude remained in the final model as the
effective variables, although they were previously found

to be uncorrelated with Tair. It should be noted that the
effective variables do not need to be necessarily strongly
correlated with Tair. Any variable explaining a part of data
variability around the regression line (e.g. models from the
previous steps) can reduce the estimation error.

Among the other highly correlated explanatory vari-
ables, ETSR and EVI were also discarded due to a bet-
ter performance of their twin variables, cos(z) and NDVI,
respectively. The remaining variables, Blue, Red, NIR and
MIR were not incorporated in the final model due to their
insignificance in estimation improvement. The effect of
each explanatory variable will be discussed in the follow-
ing sections.

3.3. Overall performance

Performance of the nine models (Table 3) in estimation of
the weekly maximum Tair is presented in Figures 3 and
4 for the calibration and validation datasets, respectively.
Overall, all the nine models performance for the validation
dataset was similar to that for the calibration dataset. This
fact indicates that the models are well parameterized and
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Table 4. Parameters of models 1 to 9 (see Table 2) for estimating weekly maximum Tair for the entire study area (corresponding to
Figure 3).

Model c0 c1 c2 c3 c4 c5 c6 c7

Model 1 6.617 0.559
Model 2 15.437 0.967
Model 3 18.923 0.591 5.922
Model 4 11.703 0.337 6.022 0.312
Model 5 9.754 0.348 6.800 14.25
Model 6 11.753 0.323 7.210 13.524 −15.251
Model 7 9.341 0.306 6.852 16.733 −9.837
Model 8 24.964 0.290 7.220 15.478 −4.521 −0.441
Model 9pa 49.133 0.252 7.474 15.874 5.320 −0.975 −0.006
Model 9 sb 49.834 0.225 8.434 13.225 2.094 −0.948 −0.005
Model a 14.143 0.074 0.853
Model b 9.512 0.339 6.846 14.392 0.887
Model c 9.889 0.351 6.784 14.25 −0.665
Model d 9.439 0.341 6.843 14.322 1.638
Model e 50.403 0.240 7.814 14.624 7.947 −1.010 −0.006 4.5

These constants are valid if the variables have the same units as those presented in Figure 2.
aPrimary calibration.
bSecondary calibration.
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Figure 3. Estimated weekly maximum Tair using the nine models of Table 3 for the calibration stage. The solid line is the 1 : 1 line, and the dashed
line is the fitted regression line.
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Figure 4. Estimated weekly Tair using the nine models of Table 3 for the validation stage. The solid line is the 1 : 1 line, and the dashed line is the
fitted regression line.

the model constants attain an acceptable level of generality
to capture the spatiotemporal variations of the explanatory
variables effect within the entire study area (eastern part of
Iran) along a long period of time (5 years).

In some cases, estimation error for the validation dataset
is even smaller than that for the calibration dataset. This
is apparently due to the fact that data in the validation
dataset have a narrower range. As can be seen in Figure 3,
the worst estimates of Tair by all models occurred when
Tair was about 0 ∘C. Hence, the slightly better performance
of the models for the validation dataset could be mainly
because of the inclusion of fewer data points near 0 ∘C.
This result may either show that some influencing vari-
ables are missing in the models to account for the near
freezing condition or imply the lower accuracy of the LST
products in this condition for example because of unde-
tected clouds.

As mentioned earlier, LSTnight performed better than
LSTday when comparing the simple statistical models
(models 1 and 2) constructed based on LST solely. A simi-
lar result was reported in previous work (e.g. Benali et al.,

2012). The superiority of the LSTnight data for Tair estima-
tion could be mainly explained by the higher stability of
the product during this period (Benali et al., 2012) due to
the lack of the solar radiation effect on the thermal infrared
signal during nighttime (Vancutsem et al., 2010), leading
to smaller variations of LSTnight data compared to LSTday
data (see Figure 2).

Performance of our best model, model 9, (RMSE below
3 ∘C) indicates a reasonably good predictive power of
this model. Note that the model was applied to a large
spatiotemporal extent with a broad range of atmospheric
conditions leading to Tair variation over about 48 ∘C. It
is also important to note that a significant part of this
error could be due to LST estimation itself in our study
area, because retrieved LSTs are commonly less accurate
in high altitude regions (i.e. altitude >1500) (Good, 2015)
as well as in areas with large amount of bare soil (Vogt
et al., 1997). Comparing the results of this study with, for
example, those of Benali et al. (2012) study on whole of
Portugal indicates that they could achieve lower estimation
RMSE (below 2 ∘C) in most cases. However, it should be
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Figure 5. Spatial distribution of weekly maximum air temperature at two different dates estimated using model 8 of Table 3.

realized that Portugal’s area is only 5.6% of Iran (about
15% of the study area) and Portugal is a coastal country
having significantly lower altitude and less bare lands
compared to Iran.

To check that the final model (model 9) is the most
accurate model among all statistically-sound models, we
compared its fitting capability with a linear regression
model incorporating all the 13 variables. Nearly, the same
performance was achieved (RMSE = 2.9 and 2.8 ∘C for cal-
ibration and validation stages, respectively) indicating the
adequacy of model 9. Additionally, model 9 constants are
all reflective of a meaningfully expected value, while con-
stants of the model incorporating all the 13 variables were
physically meaningless due to the multicollinearity error.

Also to see to what extent the proposed calibration
equations can be used to estimate Tair in other locations
within the study area which were not incorporated in the
calibration process (i.e. locations between stations), we
recalibrated model 9 using 13 randomly selected stations
for the entire 5 years and then validated the model using
the remaining stations data. Performance of this model was
nearly identical to the primary calibration using all stations
data (RMSE = 2.9 and 2.8 ∘C for calibration and validation
stages, respectively). Their constants were also close to
each other as can be seen in Table 4. This result indicates
that the statistical models are able to estimate Tair with
a similar level of accuracy potentially for other locations
which were not incorporated for model calibration. This is
a promising result in order to obtain high-resolution maps
of Tair based on the proposed statistical models.

As an example, Figure 5 exhibits spatial distribution
of Tair at two different dates (one in winter, the other
in summer) obtained with pixel-by-pixel conversion of
MODIS images based on model 8 (model 9 was not
used since pixel-by-pixel altitude data were not available).
Certainly, no ground data were available at the pixel scale
to evaluate the validity of these maps. At least the maps
look realistic regarding the temporal and spatial variability
of Tair (e.g. Overall, the higher the latitude, the lower the
air temperature).

Performance of model 9 in estimation of the daily max-
imum Tair is presented in Figure 6. As observed, the esti-
mations are generally less accurate compared to those of
the weekly data. This result could be expected due to the
higher variability of the daily data. It is simply because the
averaging procedure used to merge daily data into 8-day
composites leads to the lower variability in the 8-day data
(Vancutsem et al., 2010). Results of this analysis is com-
parable with those of Vancutsem et al. (2010) over Africa
who reported RMSE values at the range of 2.6–4.1 ∘C for
the daily scale versus 2.1–2.8 ∘C for the 8-day composites.

Performance statistics of model 9 for various temporal
scales are presented in Table 5 with the corresponding
model constants listed in Table 6. At the daily scale,
no significant difference was observed between minimum
and maximum Tair estimations. However, accuracy of the
estimations are higher for minimum weekly Tair compared
to maximum weekly Tair. This finding could also be due to
the higher variability of day time temperature than night
time temperature (Vancutsem et al., 2010).
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Figure 6. Estimated daily maximum Tair using model 9 of Table 3. The solid line is the 1 : 1 line, and the dashed line is the fitted regression line.

Table 5. Performance statistics of model 9 for estimating Tair at various temporal scales for the entire study area.

Calibration Validation

Temporal scale R2 RMSE (∘C) MAE (∘C) R2 RMSE (∘C) MAE (∘C)

Weekly maximum 0.925 2.9 2.3 0.912 3.0 2.2
Weekly minimum 0.936 2.3 1.8 0.925 2.3 1.8
Weekly average 0.938 2.4 1.9 0.926 2.5 1.8
Daily maximum 0.892 3.5 2.7 0.886 3.4 2.7
Daily minimum 0.858 3.6 2.8 0.840 3.6 2.8
Daily average 0.905 3.1 2.3 0.895 3.0 2.3

3.4. Station-level performance

We also explored to what extent local calibration of the
models will improve their accuracy. Hence, we calibrated
model 7 using the first 3.5 years of the weekly data of
each station individually and validated the model using the
remaining 1.5 years data. Note that model 7 in this case is
the same as the final model, model 9, considering that Lat
and Alt in each station are constant.

Figure 7 shows the estimation RMSE and MAE for the
locally calibrated model 7. This figure indicates that cali-
bration errors were generally reduced this way when com-
pared to those associated with the universally calibrated
model 9. Nevertheless, validation errors were highly vari-
able; significantly larger in some stations and significantly
smaller in some others. This result reflects the fact that
although the universal calibration led to slightly larger esti-
mation errors, it gained the advantage of a more robust
and reliable parameterization. The high disparity of the
constants of the locally calibrated model 7 among dif-
ferent stations (not presented), also revealed the fact that
these constants are only reflective of a local/temporary fit,
rather than a universally expected value tied to the phys-
ical significance of each variable. Therefore, it could be
said that the universally-calibrated models are superior to
those locally calibrated considering their greater generality
and applicability and also the fact that the local calibration
improves the models performance only slightly.

As discussed earlier, Tair estimates are likely to be less
accurate in high altitude areas partly due to the lower
accuracy of the LST products for example because of
undetected clouds (Good, 2015). The effect can be clearly

indicated observing the correlation of estimation errors
with altitude as exhibited in Figure 8. The negative and
relatively strong correlation shown in Figure 8 may partly
support the idea that the LST products could be less
accurate in the high altitude stations of the studied area.
Another reason could be due to more complexity of the
Tair –LST relationship in mountainous regions or in freez-
ing conditions as discussed earlier.

3.5. Significance of the auxiliary variables

Figures 3 and 4 indicates the importance of the auxiliary
variables in reducing the estimation errors, where RMSE
and MAE of model 9 which includes LSTnight and 5 aux-
iliary variables are 35–40% smaller than those of model
2 which only uses LSTnight. Among the 5 selected auxil-
iary variables, F(JD) and altitude showed to be the most
effective ones by reducing the fitting RMSE by 14.55%
(compare models 2 and 3) and 11.59% (compare models
8 and 9) through one step only. Reduction in the fitting
RMSE was followed by cos(z) by 8.51% (compare models
3 and 5), latitude by 3.81% (compare models 7 and 8) and
NDVI by 0.87% (compare models 5 and 7).

As mentioned earlier, uncertainties associated with the
LST retrieval algorithm can significantly affect the esti-
mated Tair. Therefore, sensitivity of the models with
respect to LST is also important besides the models’ accu-
racy. Because of the linear nature of the models, the coef-
ficients assigned to each variable quantify the sensitivity
of the estimated Tair with respect to that variable, e.g.,
c1 = 𝜕Tair/𝜕LSTnight.

Table 4 indicates that the auxiliary variables not only
improve the estimation accuracy, but also significantly
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Table 6. Parameters of model 9 for estimating Tair at various temporal scales for the entire study area (corresponding to Table 5).

Temporal scale c0 c1 c2 c3 c4 c5 c6

Weekly maximum 49.133 0.252 7.474 15.874 5.320 −0.975 −0.006
Weekly minimum 35.995 0.167 7.435 8.938 5.478 −0.764 −0.008
Weekly average 42.564 0.210 7.455 12.406 5.399 −0.870 −0.007
Daily maximum 39.030 0.424 7.666 −0.134 −26.666 −0.400 −0.003
Daily minimum 29.151 0.286 7.591 −0.025 −10.543 −0.440 −0.006
Daily average 34.091 0.355 7.629 −0.080 −18.605 −0.420 −0.005

These constants are valid if the variables have the same units as those presented in Figure 2.
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Figure 7. Errors associated with model 7 estimates of weekly maximum Tair when calibrated for each station individually. The thick and thin
horizontal lines show the overall validation errors of model 9, and the average of the station-level validation errors of model 7, respectively.

reduce sensitivity of the estimated Tair to uncertainty of
LSTnight. For example, 1 ∘C error in retrieving LSTnight
leads to almost the same error (0.967 ∘C) in Tair estima-
tion with no auxiliary variable (model 2), while the error
is reduced to 0.337 ∘C when adding only two auxiliary
variables of F(JD) and cos(z) (i.e. model 4). The NDVI
values (mostly ranged between 0 and 0.15) showed that
land surface within the study area mainly consists of bare
or sparsely vegetated soils (Holben, 1986). This condition
further highlights the importance of using the auxiliary
variables in this area, because the remotely retrieved LSTs
are commonly less accurate for areas with a large amount
of bare soil compared to areas with good vegetation cover
(Vogt et al., 1997).

Similar to some of previous studies (e.g. Jang et al.,
2004; Chen et al., 2014), Julian day and altitude proved
their prominent role in the Tair –LST relationship. The

importance of the effective variables found in this study
makes a great sense since Julian day and cos(z) simply
inform about the temporal variations of various climato-
logical factors and altitude and latitude includes the spa-
tial variability effects on the climatological factors. Alti-
tude was found to be a better representative of the spatial
variability than latitude, apparently due to the fact that
altitude ranges broadly and latitude ranges narrowly in
this study region. Good (2015) who recently investigated
the Tair –LST relationship over a broad range of latitudes
(entire Europe), observed a reverse result showing a greater
impact of latitude compared to altitude.

In addition to the two groups of variables represent-
ing the spatiotemporal variability, we studied a third
group of variables in order to explore further the land
cover properties’ effects. These variables included Red
and Blue reflectance, vegetation indices and NIR and
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Figure 8. Correlation between altitude and RMSE of model 7 for weekly
maximum Tair estimation at different stations.

MIR reflectance highly correlated to surface soil moisture.
Results of this study, which are in a good agreement with
some of the previous researches (e.g., Jang et al., 2004),
showed that all the mentioned variables had a small con-
tribution to improve the Tair estimates. Although NDVI
remained in our final model based on the stepwise regres-
sion analysis and procedure described above, it had a lim-
ited effect similar to the other variables in this group. The
fact that the land surface within the study area mainly con-
sists of bare or sparsely vegetated soils could be a main
reason for the small effect of NDVI and EVI.

For such nearly bare surfaces, soil moisture could be
estimated from Sadeghi et al. (2015) model, Equations (1)
and (2), which were developed originally for bare soils.
The soil moisture estimates in relation with LST values are
shown in Figure 9. The L-shape relationship between soil
surface 𝜃 and LST , as observed in Figure 9, is a well-known
and well-justified behaviour in the realm of soil evapo-
ration physics (see for example Figure 6 of Aminzadeh
and Or, 2013), where soil drying process is studied in two
distinct stages depending on the vaporization front’s loca-
tion which determines flow phase (liquid or gas) near soil
surface (Sakai et al., 2011; Sadeghi et al., 2012); Stage 1
at which surface soil moisture can vary from saturated to
air-dried, vaporization occurs right at the surface and evap-
oration rate is nearly constant leading to a nearly constant
and lower LST , and Stage 2 at which surface soil moisture
is almost constant (i.e. air-dried) and the so-called vapor-
ization front moves downward leading to a dramatic drop
of evaporation rate and raise of LST . Therefore, in spite
of the general belief for example in the so-called triangle
method for soil moisture estimation (e.g. Carlson et al.,
1994; Carlson, 2007), the 𝜃–LST relationship in bare or
sparsely vegetated soils is neither linear nor strong, justi-
fying the negligible effect of NIR and MIR on Tair in this
study area.

Sun and Pinker (2003) found that LST retrieval is sig-
nificantly influenced by surface soil moisture. Their filed
studies indicated that errors in LST as derived from satellite

observations have a negative correlation with soil mois-
ture, justified by the strong effect of soil moisture on the
magnitude of surface temperature via its influence on emis-
sivity. However, our results showed no correlation between
relative surface soil moisture and absolute error of model
9 for weekly maximum Tair estimation, indicating no sig-
nificant soil moisture effect. This disagreement with the
finding of Sun and Pinker (2003) is likely due to the large
area studied here in which many other factors besides soil
moisture could contribute to the estimation error.

4. Summary and conclusions

The advanced statistical approach proposed in this study
performed well in estimating Tair in eastern part of Iran,
especially at the weekly scale. In contrary, the TVX
method failed in estimation of Tair for the entire study
area where no negative and strong correlation between
NDVI and LST was observed. Thirteen explanatory vari-
ables were studied based on which 14 statistical models
listed in Table 3 were constructed through the proposed
stepwise regression analysis. Among the tested models,
models 1 to 9 were statistically sound among which model
9 proved to be the most accurate model. Results of this
study indicated that the proposed models generally per-
formed better for lower altitude regions.

The land surface temperature, LST , showed a great cor-
relation with Tair. Nevertheless, the so-called simple sta-
tistical models, which contained LST only (models 1, 2
and 3), could not adequately estimate Tair. A more promi-
nent role of LSTnight over LSTday was shown because of the
higher stability of the product along the study period. In
addition to LST , significance of three groups of auxiliary
variables was explored through the test of the 14 models:
(1) variables describing temporal variability of climato-
logical factors including Julian day, solar zenith angle and
extraterrestrial solar radiation, (2) variables related to spa-
tial variability of climatological factors including latitude
and altitude and (3) variables influenced by land surface
and land cover properties including reflectance at blue, red,
NIR and MIR bands and vegetation indices, NDVI and EVI.
The two first groups indicated to have an immense effect
on the Tair –LST relationship, while the third group showed
a negligible effect, apparently due to the land bareness as
discussed. In particular, although model 9 which included
LSTnight and 5 auxiliary variables showed the best accu-
racy, it has been indicated that most variations of Tair in
this study region could be captured by LSTnight, F(JD) (see
Equation (3)), altitude and cos(z).

It was shown that station-level individual calibration
led to slightly smaller estimation errors when compared
to universal calibration (i.e. one calibration equation for
all stations). However, the empirical constants obtained
through the individual calibration were highly disparate
between stations reflecting the fact that the constants
were only local/temporary fitting values, rather than uni-
versally expected ones tied to the physical significance
of each variable. Therefore, it can be concluded that
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Figure 9. Relationship between relative surface soil moisture and land surface temperature data within the study area.

universally-calibrated models are superior to those of
locally calibrated in terms of generality and applicability.

The proposed model, model 9, with parameters listed
in Table 6 proved its reliability in estimation of Tair even
for stations which were not incorporated in its calibra-
tion. Based on this result, we recommend this model for
future researches/applications for the eastern part of Iran,
even locations not studied here. Testing or recalibration of
the proposed model for western part Iran or other neigh-
bouring countries as well as new statistical models con-
taining additional explanatory variables is recommended
for future work. Research on the capability of advanced
machine learning approaches such as artificial neural net-
works and support vector machines for improving Tair esti-
mation is underway.
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