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Abstract: The air temperature is an essential variable in many applications related to Earth science.
Sporadic spatial distribution of weather stations causes a low spatial resolution of measured air
temperatures. This study focused on modeling the air diurnal temperature cycle (DTC) based on the
land surface temperature (LST) DTC. The air DTC model parameters were estimated from LST DTC
model parameters by a regression analysis. Here, the LST obtained from the INSAT-3D geostationary
satellite and the air temperature extracted from weather stations were used within the time frame
of 4 March 2015 to 22 May 2017 across Iran. Constant parameters of the air DTC model for each
weather station were estimated based on an experimental approach over the time period. Results
showed these parameters decrease as elevation increases. The mean absolute error (MAE) and the
root mean square error (RMSE) for three hours sampling were calculated. The MAE and RMSE
ranges were between [0.1, 4] ◦C and [0.1, 3.3] ◦C, respectively. Additionally, 95% of MAEs and RMSEs
were less than 2.9 ◦C and 2.4 ◦C values, correspondingly. The range of the mean values of MAEs and
RMSEs for a three-hour sampling time were [−0.29, 0.6] ◦C and [2, 2.11] ◦C. The DTC model results
showed a meaningful statistical fitting in both air DTCs modeled from LST and weather station-based
DTCs. The variability of mean error and RMSE in different land covers and elevation classes were
also investigated. In spite of the complex behavior of the environmental variables in the study area,
the model error bar did not show significantly biased estimations for various classes. Therefore,
the developed model was less sensitive to variations of land covers and elevation changes. It can
be conclude that the coefficients of regression between LST and air DTC could model properly the
environmental factors.
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1. Introduction

Air temperature (Ta) is one of the main inputs in several models in hydrology, climate,
meteorology, etc. [1–5]. Well-timed Ta measurements in weather stations are carried out worldwide.
Such data are limited to point-based recording in ground stations with a sparse spatial distribution.
Therefore, there is not an acceptable coverage of weather stations-based Ta measurements.
Spatial interpolation is a method for achieving a geographical continuous data, but this method
is strongly dependent on the density of weather stations and their spatial heterogeneity [6].
Remote sensing images with a synoptic coverage and proper temporal resolution can be considered
as an alternative or complementary source for Ta measurements. Emphasizing on the unique
characteristics of remotely sensed imagery, many studies have studied the relationship between
satellite derived surface and air temperature. Geostationary and polar satellites are able to provide
high temporal and spatial resolution data with nearly global coverage. The temporal patterns of
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air temperature is complicated because it is influenced by a broad range of variable parameters,
like wind speed, time, sky condition, solar zenith angle, soil moisture, location, albedo, emissivity, and
thermal inertia [7]. Some of these parameters cannot be measured by remote sensing. Researchers are
trying to develop methodologies to include the effects of these parameters in their modeling. Most of
the developed methods are time- and location-dependent and are not applicable in other cases.
According to Zakšek and Schroedter-Homscheidt [8], the developed methods are classified into three
major categories: (1) Temperature–Vegetation Index (TVX) [9–12], which is based on the assumption
that temperature of the vegetation canopy is almost equal to the ambient air temperature since
their heat capacity is similar [7,9,10,13]. This method is sensitive to seasonality, soil moisture, and
land cover type [14,15]; (2) The surface energy balance principle [6,7,16–18]. These approaches are
based on net radiation, sensible heat flux, latent heat flux, and ground heat flux. Zhu et al. [19]
mentioned that these models need many inputs which are not fully retrievable from remote sensing
data; (3) Statistical approaches which recruit parametric and non-parametric machine learning
approaches [14,16,18,20–30].

Such methods use ancillary data, such as Julian date, latitude, longitude, terrain, and vegetation
indices to improve their modeling. Xu et al. [31] stated that linear regression cannot predict the air
temperature based on LST in all conditions. They specified that Random Forest (RF) showed better
accuracy than the multiple linear regression model. Air temperature modeling based on TVX and
statistical methods are conducted based on discrete records of air temperatures in weather stations and
the time between these records are not included in calculations. Furthermore, the effects of noise in
recorded data caused by atmosphere forcing, cloud contamination, and other environmental conditions
generate errors into the air temperature estimation. Diurnal modeling of LST and air temperature [32]
can be beneficial in the modeling of Ta. Therefore, a synoptic coverage of Ta is obtainable. Jin and
Dickinson [33] estimated the diurnal cycle of LST through temporal interpolation of NOAA-AVHRR.
Sun et al. [34] used the same method for modeling Geostationary Operational Environmental Satellite
(GOES) measurements. Alavipanah et al. [35] studied the application of LST DTC models for knowing
the LST discrepancies between MODIS and geostationary satellites. Inamdar et al. [36] proposed
an approach which employs MODIS imagery for calibration of GOES. They used both datasets to
build half-hourly LSTs with 1 km spatial resolution. Stisen et al. [10] used TVX-based DTC modeling
to acquire diurnal variation of air temperature. This research attempted to introduce methods that
extract air temperature based on LST data by direct approach and without auxiliary environmental
information. This study had three main goals: (1) estimating the LST DTC parameters in weather
stations; (2) regression-driving of air temperature DTCs based on estimated parameters of LST DTCs;
(3) comparing DTC parameters of LST and Ta; and (4) evaluation of the modeled air DTC model by
weather station observations.

2. The Study Area

Iran has an area of about 1648 million km2 and is covered by mountain chains of Zagros from
northwest to southwest. Alborz is in the north and several other topographic features surround the
central plateau. Such heterogynous topographic conditions and geographical expansion of Iran create
a variety of climate regions (Figure 1).
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Figure 1. The study area and synoptic weather stations used to model air DTC. 

3. Data 

Satellite imagery: INSAT3-D is a geostationary satellite (82°E) launched on 26 July 2013 with 
Sounder and an Imager with six channels. LST product obtained from Imager images with half-hour 
temporal resolution by following equation [37]: 
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Centre (MOSDAC) in a time period from 4 March 2015 to 22 May 2017.  
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Organization (IRIMO). Along with air temperature, sky condition, and wind speed data are also 
available.  
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website.  

 Land cover map: Land cover type of the fifth category from MODIS land cover products with 
500 m spatial resolution (MCD12Q1) was downloaded from NASA Reverb website. 
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Figure 1. The study area and synoptic weather stations used to model air DTC.

3. Data

Satellite imagery: INSAT3-D is a geostationary satellite (82◦E) launched on 26 July 2013 with
Sounder and an Imager with six channels. LST product obtained from Imager images with half-hour
temporal resolution by following equation [37]:

LST = b0 +

(
b1 + b2

1 − ε
ε

+ b3
∆ε
ε2

)
Ti + Tj

2
+

(
b4 + b5

1 − ε
ε

+ b6
∆ε
ε2

)
Ti − Tj

2
+ b7

(
Ti − Tj

)2 (1)

where, bi are coefficients and Ti is the brightness temperature at two thermal bands, i.e., i and j. ε is
mean emissivity, ε =

εi + εj
2 , ∆ε is the emissivity difference, ∆ε = εi − εj, derived from MODIS monthly

emissivity products for two spectral bands i and j that are located at 11 µm and 12 µm. LST data
from INSAT3-D-Imager was acquired from Meteorological and Oceanic Satellite Data Archival Centre
(MOSDAC) in a time period from 4 March 2015 to 22 May 2017.

• Ground based weather data: Ta data from 77 weather stations with three-hour time intervals were
obtained from 1 January 2000 to 22 March 2017 from I.R. of the Iran Meteorological Organization
(IRIMO). Along with air temperature, sky condition, and wind speed data are also available.

• Elevation data: ASTER-DEM with 30 m spatial resolution was obtained from NASA
Reverb website.

• Land cover map: Land cover type of the fifth category from MODIS land cover products with
500 m spatial resolution (MCD12Q1) was downloaded from NASA Reverb website.

4. Methodology

4.1. Air Temperature DTC Model

The developed DTC model for air temperature is based on [1,32] with some modifications under
clear sky conditions for day and night using below equations:

Ta-day(t) = Tmin + (Tmax − Tmin) cos
(
π

ωair
(t − tm)

)
t < ts (2)
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Ta-nigth(t) = Tmin +

[
(Tmax − Tmin) cos

(
π

ωair
(ts − tm)

)]
e
(t−ts)

k t > ts (3)

ωair = ω+ 2 β (4)

k =
ωair

π
tan−1

(
π

ωair
(ts − tm)

)
(5)

Day duration was calculated by using equation (6) introduced by [38]:

ω =
2

15
arccos(− tanϕ tan δ) (6)

where ϕ is latitude and δ is solar declination which is related to DOY based on Equation (7) proposed
by [39]:

δ = 23.45 sin
(

360
365

(284 + DOY)
)

(7)

Ta is the air temperature at time t; Tmin and Tmax are minimum and maximum diurnal air
temperatures, respectively; tm is time of maximum diurnal air temperature, ts is the start time of air
temperature free attenuation, ω is day duration, and ωair is the width over the half period of the
cosine term. β is the constant coefficients which was used to adapt the period of cosine term with air
temperature variations. One should note that the time effect of β parameters is extended up to ts and
estimated as an experimental value which can be assumed constant. β values of 77 weather stations
for those days were limited between 0 and 8 h with 0.1 intervals. Then, RMSE of DTC models for
each day and each interval was calculated. Additionally, the mean of all RMSEs for each interval was
calculated for the whole time series. The intervals with least RMSE were identified at each weather
station and the corresponding values of βs were used for the DTC model construction. To estimate
each DTC model free parameters, the Levenberg-Marquardt minimization scheme was applied [32,40].

4.2. LST DTC Model

The adapted DTC model in this study is based on GOT01_0 model proposed by
Schädlich et al. [41]. The daily and nightly equations are as follows:

LSTd(t) = T0 + A cos
( π
ω
(t − tm)

)
t < ts (8)

LSTn(t) = T0 +
[
A cos

( π
ω
(ts − tm)

)]
e
(t−ts)

k t > ts (9)

k =
ω

π
tan−1

( π
ω
(ts − tm)

)
(10)

As Figure 2 shows, T0 is the residual temperature around sunrise (tsr), A is the amplitude of LST,
ω is day duration, tm is the time of maximum diurnal LST, ts is the starting point of free attenuation
LST, K is the free attenuation coefficient. At least four observations are required to estimate T0, A,
ts, and tm; similar to the air DTC model, the Levenberg-Marquardt minimization scheme is used to
estimate these free parameters.
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4.3. Ta Construction from LST DTC

A regression modeling was used to estimate four free parameters of air DTC model (Tmin, Tmax,
tm, and ts) based on LST DTC free parameters at each station for the whole dataset as follows (ai and
bi are linear regression coefficients):

Tmin = a1 + b1 × T0 (11)

Tmax = a2 + b2 × (A + T0 ) (12)

tmair = a3 + b3 × tmLST (13)

tsair = a4 + b4 × tsLST (14)

In order to estimate the air DTC model, the LST data with reported clear sky days and
homogeneous temporal distribution from 4 March 2015 to 22 May 2017 were used in the study
area. LST DTC models of each weather stations were calculated and those DTC models with RMSEs
less than and equal to 2 ◦C (approximately 85% of whole dataset) was selected for modeling. After that,
70% of the data were used for calibration of modeling in regression equations and the remained 30%
was applied for evaluating the developed methodology. The mean absolute error (MAE) and the root
mean square error (RMSE) were used to evaluate the results. The accuracy of air DTC modeling at
each station was analyzed with respect to different elevation and land cover classes. The complete
procedure for modeling air DTC is shown in Figure 3.

Remote Sens. 2017, 9, x FOR PEER REVIEW  5 of 11 

 

4.3.  Construction from LST DTC  

A regression modeling was used to estimate four free parameters of air DTC model (T , T , t , and t ) based on LST DTC free parameters at each station for the whole dataset as follows (a  and b  are linear regression coefficients): T = a + b × T  (11) T = a + b × (A + T ) (12) t = a + b × t  (13) t = a + b × t  (14) 

In order to estimate the air DTC model, the LST data with reported clear sky days and 
homogeneous temporal distribution from 4 March 2015 to 22 May 2017 were used in the study area. 
LST DTC models of each weather stations were calculated and those DTC models with RMSEs less 
than and equal to 2 °C (approximately 85% of whole dataset) was selected for modeling. After that, 
70% of the data were used for calibration of modeling in regression equations and the remained 30% 
was applied for evaluating the developed methodology. The mean absolute error (MAE) and the root 
mean square error (RMSE) were used to evaluate the results. The accuracy of air DTC modeling at 
each station was analyzed with respect to different elevation and land cover classes. The complete 
procedure for modeling air DTC is shown in Figure 3. 

 
Figure 3. Flowchart of the proposed method to construct air DTC model from LST DTC parameters. 

5. Results 

To construct the air DTC model, estimation of β  as a constant parameter was required. 
Estimation of this parameter was carried out experimentally. A range between zero and eight was 
considered for variation of β values over the whole time series and weather stations. 

Figure 3. Flowchart of the proposed method to construct air DTC model from LST DTC parameters.



Remote Sens. 2017, 9, 915 6 of 12

5. Results

To construct the air DTC model, estimation of β as a constant parameter was required. Estimation
of this parameter was carried out experimentally. A range between zero and eight was considered for
variation of β values over the whole time series and weather stations.

Figure 4a shows the air DTC model RMSEs with respect to β parameters for four sample weather
stations (Abadan, Zabol, Ardebil, and Kish). Spatial variation of β for each weather station was
depicted in Figure 4b. The value of β varied between three and eight, and in the south of Iran it had
higher values. In order to construct the air DTC model, the data was filtered based on RMSEs of the
LST DTC model. This caused a reduction in the number of weather stations to 54 for 4 March 2015
to 22 May 2017. Means and standard deviations (STD) of β values at weather stations for different
elevations and land cover classes are shown in Figure 5. The highest elevation classes (1804 to 2252 m)
with 2.94 mean and 0.34 STD values had lowest β range (Figure 5a). Grassland cover with 3.07 mean
and 0.45 STD values had the lowest β (Figure 5b). The first elevation class (16 to 463 m) with 0.94 STD
and shrub land cover with 1.05 STD had a maximum variation of β classes.Remote Sens. 2017, 9, x FOR PEER REVIEW  6 of 11 
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5.1. Estimation of the Air DTC Model Based on LST DTC Parameters

In the next step, the dataset was divided into two parts. Seventy percent of the dataset for both
air temperature and LST were used for estimating the regression coefficients at each equation and
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the rest were used for testing the estimated air DTC model. According to Equations (11)–(14), the air
DTC model was estimated based on the LST DTC model. After estimation of the regression models’
coefficients and the air DTC model parameters, the air DTC model at each weather station for the whole
time series was constructed. To present the result of air temperature modeling, six sample DTC models
in the study area are shown in Figure 6. Ahvaz, Arak, Hamedan, Omidyeh, Baft, and Shahrekurd are
the sample stations shown in Figure 6 on 221st day of 2016 (8 August). The turquoise blue line shows
the LST DTC model, the green line is the air DTC model constructed from observation, and black
line demonstrates the estimated air DTC model from regression equations. Blue dots show the LST
observations, red dots are air temperature observations, and black dots are estimated air temperatures
from regression equations (Equations (11)–(14)) at observation times of the weather stations. According
to Figure 6, and the following explanations, the results show appropriate correspondence among the
estimated air DTC models (from the regression), constructed air DTC models from observations, and
air temperature observations. In some parts of DTC models, some small shifts exist which show the
error in LST and air DTC modeling. These errors can also be attributed to environmental variables.
To compare the values of parameters, the free DTC parameters of LST were subtracted from their
counterparts in air DTC model and their mean was calculated. Figure 7 shows the mean differences
of parameters for the whole time period in the study area. In Figure 7a the T0 − Tmin was between
−4.2 ◦C to +4.2 ◦C. In South West of Iran the T0 values of LST were higher than Tmin values in air
DTC model.

Figure 7b shows that TmaxLST − Tmaxair (TmaxLST = T0 + A) was between 4 ◦C and 18 ◦C. In Figure 7c
the tmLST − tmair varied between −3.9 and −2.5 h. This shows that in all weather stations tm of air
DTC models happened after tm in LST DTC models. In other words, air reached maximum daily
temperature with delay compared to LST. In Figure 7d tsLST − tsair were between −5.9 and −3.7 h.
In North West of Iran, these differences were lower and in bare lands were higher.
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Figure 6. Comparisons of air temperature and LST DTCs. Turquoise blue line shows the LST DTC
model. Green line is air DTC model extracted from the observations (red dots). The black line
is the air DTC model constructed from the regression approach with concurrent weather station
observations (black dots); (a) Ahvaz, (b) Arak, (c) Baft, (d) Hamedan, (e) Omidiyeh, and (f) Shahrekurd
weather stations.
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5.2. Accuracy of the Air DTC Model from Regressions

The accuracy of all the constructed air DTC models was evaluated by weather station three-hour
observations (the remained 30% of the dataset). The error, MAE and RMSE for each weather station
was calculated from subtracting weather station air temperature values from their concurrent values
in the estimated air DTC model. Error bars that contain the mean and RMSE for the three-hour sample
time are shown in Figure 8a. The mean error ranges varies between [−0.29, 0.6] ◦C and RMSE is also
was between [2, 2.11] ◦C (Figure 8a). To analyze the accuracy of constructed air DTC models for whole
diurnal stages, the MAEs and RMSEs were calculated for each daily modeling. The MAE values varied
between 0.1 to 4 ◦C. The RMSE range was between 0.1 and 3.3 ◦C (Figure 8b,c). The mean of the
MAEs was 1.6 ◦C. Most of the RMSEs were almost between 1 and 2.4 ◦C (Figure 8b,c). Considering
the different climate regimes in the study area, the inherent errors in modeling between LST and air
temperature resulted from environmental variables; both histograms show acceptable results of air
DTC modeling from the regression analysis. Figure 9 depicts mean error and RMSEs of DTC modeling
for different elevation and land cover classes from 3 to 21 GMT sample time. Figure 9a shows the error
bar of air DTC modeling at five elevation classes. Low elevation classes (16 to 463 m) with a −2.29 ◦C
mean error and 2.32 ◦C RMSE depicting more separation from others and its discrepancies were the
utmost at 18:00 GMT; high elevation classes (1804 to 2252 m) with −0.92 ◦C mean error and the 2.09 ◦C
RMSE had the lowest values at 18:00 GMT time.
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(a) error bars of sample time, (b) histogram of MAEs, and (c) histogram of RMSEs for all 54 stations
and seven sample times.
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Figure 9. Mean and RMSEs of model errors in weather stations for different land covers and elevation
(DEM) classes at different times. (a) Elevation class errors, and (b) land cover type errors.

The error bar of the model in shrub land cover at 18:00 GMT with −1.34 ◦C mean error and
2.10 ◦C RMSE is more separated from others.

6. Discussion

A large number of variables affect air temperature like topography, vegetation, soil type, soil
moisture, aerosol, distance to coast, wind, solar geometry, incoming solar radiation, long-wave
upwelling radiation, long-wave downwelling radiation, sensible heat flux, latent heat flux, and ground
heat flux. In fact, the complex interactions of the mentioned variables at the micro and macro scales
influence air temperature. The density and spatial distribution of weather stations are also two
influential factors for modeling air temperature. LST is affected by these variables and it can be directly
related to air temperature in complex environments. Results showed the possibility of modeling air
temperature in a continuous temporal space by LST DTC models. Linear regression was used to
model air DTC free parameter’s based on LST DTC free parameters. β was considered as a constant
parameter and estimated experimentally; its range was between 2.4 and 8 and the spatial variations
of this parameter can be attributed to environmental condition. This parameters control the period
of cosine term and its effect is until starting attenuation time (ts). The regression equations were
used for estimating the air DTC parameters. Based on these parameters, the air DTC models at each
station were constructed. The comparison of DTC parameters of LST and air temperature showed
T0 and Tmin had difference range between −4.2 ◦C and +4.2 ◦C which varied spatially. The time of
maximum temperature in air and LST varied between −3.9 to −2.5 h; this showed that the delay time
of the diurnal maximum air temperature is in contrast with the maximum diurnal LST. ts differences
were between −5.9 to −3.7 h, which is related to the existence of the mentioned delay which existed
between tm in both DTCs. The estimated constructed air DTC models were evaluated with weather
observations from 03:00 to 21:00 GMT three-hourly by MAE and RMSE. Elevation and land cover
classes have the same pattern of model error bars in sine form over the sample time. Low elevation
and shrub land cover classes were more separated from other categories at six and 18 h. The range
of 95% of MAEs for all stations varied between 0.8 to 2.9 ◦C and for RMSEs was between 0.1 and
2.4 ◦C. The results showed that although the study area had many complexities forced by topography,
weather systems, and diverse land covers the modeling accuracy of proposed method was acceptable.
Although the error is much larger than the variation caused by land cover type and time of day; the
authors think the only way to reduce that error is with more station data.

7. Conclusions

The results showed that the INSAT-3D LST data could be used to estimate air temperature
continuously by using direct DTC models parameters. The evaluations of result showed an acceptable
error between observations and the model with 95% of MAEs in the range [0.1, 2.9] ◦C and RMSE
in the range [0.1, 2.4] ◦C; it can be concluded that the estimated coefficients from regression analysis
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could model the influence of environmental variables and the discrepancies between air temperature
and LST with acceptable accuracy. Therefore, it is possible to estimate air temperature by LST in day
and night under clear sky conditions for different land covers and elevation classes in the study area.
Additionally, the DTC parameters of LST and air temperature were compared with each other in all
studied stations. Although different elevation and land cover classes have some small separation from
each other, their total behavior were the same and similar to the sine form, which showed the efficiency
of the proposed model over diverse elevation and land cover classes. Further research is required to
examine different climate conditions and land covers to test the applicability of this method in other
areas and it is essential that more research be conducted to provide explorations about the physical
basis of β parameters and its relation to environmental factors.
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