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Summary
A new approach to retrieving air temperature from land
surface temperature is presented. The new method is based
on thermodynamics. Two important parameters, namely crop
water stress index and aerodynamic resistance, were used
to build a quantitative relationship between the land surface
temperature and the ambient air temperature. The method
was applied using MODIS satellite data for a location
situated in the North China Plain. Comparing the measurement values at meteorological stations with air temperature,
derived by the method for certain pixels, indicates that
derived values can be obtained within an accuracy of 3  C
for more than 80% of data processed. Sensitivity studies also
suggest that inaccuracies associated with measurement error
in the model variables are also within the 3  C range.

1. Introduction
Air temperature is becoming increasingly important in spatially explicit landscape, regional, and
global models (Collins and Bolstad, 1996). However, the generic source of climate data is the
meteorological station, which only provides data
at single locations (Hartkamp et al., 1999); this
necessitates the use of methodologies to estimate
values in-between (i.e. at model grid points).

Methodologies generally employed, although
not limited to, are the vertical lapse method,
regional regression methods and other interpolation methods such as inverse distance weighted
averaging (IDWA), thin plate smoothing splines
and different forms of kriging (Boyer, 1984; De
Beurs, 1998; Hutchinson, 1989; Hutchinson and
Corbett, 1995; Ishida and Kawashima, 1993). The
vertical lapse method adjusts for the commonly
observed decrease in temperature with increasing
elevation (Barry, 1992). It is suitable in mountainous areas or where there is complex terrain.
Regional regression methods employ a network
of temperature measurements and fit polynomial
equations as functions of elevation and horizontal
coordinates (Russo et al., 1993). However, it
should be noted that different interpolation methods often optimize the weights of each sampling
point according to different standards. All such
aforementioned methods are able to estimate
annual, monthly, daily mean or extreme temperatures given sufficient sample points (Bolstad et al.,
1998). For example, Burrough and McDonnell
(1998) noted that when data were abundant,
most interpolation techniques gave similar results.
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However, when data were sparse, the underlying
assumptions about the variation among sampled
points often differed and the choice of interpolation method and parameters then became critical.
Often though data may be too sparse to use any
of the interpolation methods and so alternate
ways to derive spatially representative values of
air temperature need to be researched.
Land surface temperature (i.e. radiant or radiometric temperature) can be retrieved from thermal
infrared remotely sensed data. (Bhattacharya and
Dadhwal, 2003; Coll et al., 2003; Fily et al., 2003;
Schroedter et al., 2003; Kustas et al., 2003). It is,
however, not an easy task to gain estimates of air
temperature from such land surface temperatures.
Attempts have been made such as that of Cresswell
et al. (1999) who applied an empirical solar zenith
angle model to establish a statistical relationship between land surface temperature and air
temperature. In this paper, we present a thermodynamics-based method to estimate instantaneous air
temperature from land surface temperature derived
from remote sensing data. The outline of the paper
is as follows: The theory is addressed in Section 2.
The method is applied and assessed for a case
study that follows in Section 3. Finally, some discussion and conclusions are presented in Section 4.
2. Theory
2.1 Air temperature derivation
Energy and mass are exchanged between the
atmosphere and the underlying surface – a vegetation canopy or a land surface without vegetation. The exchange of energy is described by the
energy balance budget equation
ð1Þ
Rn ¼ LE þ H þ G;
2
where Rn is the net radiation (W=m ), H is the
sensible heat flux (W=m2), LE is the latent heat
flux (W=m2) and G is the soil heat flux (W=m2). The
computation of each item in Eq. (1) is as follows:
LE is the transport of water vapor from the
surface (e.g. the vegetation) to the atmosphere.
The equation is (Monteith, 1973)
Cp
ðe0  eÞ;
ð2Þ
LE ¼
ra
here, e0 is the vapor pressure of the vegetation
canopy (hPa), e is the vapor pressure of the atmosphere above (hPa),  is the air density (kg=m3),

Cp is air specific heat at constant pressure
(1004 J=kg=K),  is the psychrometric constant
and ra is the aerodynamic resistance (s=m) term.
An alternate expression of formula (2) is given
by Zhang (1996)


Cp 
d  d0
;
ð3Þ
LE ¼
ðT0  Ta Þ þ
ra

in which  is the coefficient of the saturation
vapor pressure curve when the temperature of
the vegetation canopy and atmosphere is equal to
the average temperature (hPa=K), T0 is the surface
temperature (K), Ta is the ambient air temperature
(K), d is the air saturation deficiency 1m above the
vegetation canopy (hPa) and d0 is the air saturation
deficiency above the vegetation canopy (hPa).
H is the rate of heat loss to the air by convection and conduction, due to the temperature
difference. The equation is (Monteith, 1973)
H ¼ Cp ðT0  Ta Þ=ra ;
ð4Þ
where, terms are defined previously in Eqs. (2)
and (3).
According to Idso et al. (1997), G can be parameterized as a linear function of net radiation,
namely
ð5Þ
G  Rn ;
where,  is a variable related to the vegetation
cover fraction and the leaf area index. It is estimated accordingly as:
 ¼ 0:35  ð1  f Þ þ 0:05  f ;
ð6Þ
where, f is vegetation cover fraction as defined in
Eq. (7) (Gillies and Carlson, 1995; Gillies et al.,
1997)


NDVIi  NDVImin 2
;
ð7Þ
f ¼
NDVImax  NDVImin
in which NDVImax and NDVImin are respectively
the fully vegetated and the bare soil values of
NDVI (Normalized Difference Vegetation
Index), NDVIi is the NDVI value of the ith pixel.
Algebraic manipulation of formulas (3), (4) and
(5) and substitution into Eq. (1) results in an
equation for air temperature as
ð1  ÞRn ra  d  d0
þ
:
ð8Þ
Ta ¼ T0 
Cp ð þ Þ  þ 
Next we make use of the crop water stress index (CWSI) to establish the connection between
the land surface temperature and the air tempera-
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ture. According to Jackson et al. (1981), we can
compute CWSI accordingly:
ð9Þ
CWSI ¼ 1  Ed =Ep ;
where Ed is the real evapotranspiration, and Ep is
the potential evapotranspiration. In the definition
of Ep, many factors must be considered, such as
wind speed, the highest and lowest temperature
in a month, saturation vapor pressure, and real
vapor pressure (Shen and Tian, 1998). However,
a representation (Zhang et al., 2001; Su et al.,
2001) that the difference between the net radiation and the soil heat flux can be regarded as
potential evapotranspiration is used here and
Eq. (9) is therefore expressed as
LE
:
ð10Þ
CWSI ¼ 1 
Rn  G
Now, by substituting LE in Eq. (10) with Eq. (3),
we can get an expression for d0
d0 ¼ d þ ðT0  Ta Þ
  ra  ð1  CWSIÞ  ðRn  GÞ
;
ð11Þ

Cp
and by rewriting d0 in formula (8) using Eq. (11),
the air temperature can be derived as
ð1  ÞRn  ra  CWSI
:
ð12Þ
Ta ¼ T0 
Cp
2.2 Sensitivity of the model
The sensitivity of the model was analyzed
through three variables: T0, f and Rn, because
the other two parameters (CWSI and aerodynamic resistance) are functions of them. Cases
with a single variable are too simple, so this
paper emphasizes the sensitivity to all three variables. Given each variable the error supposed
(represented by the symbol ), Eq. (12) should be
Ta ¼ T0 þ T0
ð1  ð þ ÞÞðRn þ Rn Þ  ra  CWSI

:
Cp
ð13Þ
That is
ð1  ÞRn  ra  CWSI
þ T0
Cp
½  Rn  ð1  ÞRn   ra  CWSI
þ
:
Cp

Ta ¼ T0 

ð14Þ
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Then the error in the result of air temperature is:


ð1  ÞRn  ra  CWSI
Ta ¼ T0 
þ T0
Cp
½  Rn  ð1  ÞRn   ra  CWSI
þ
Cp
 Tatrue ;

ð15Þ

where, Tatrue is the ture value of air temperature.
3. Case study
3.1 Study site location
The study area was located in the North China
Plane, bounded by latitudes 35 to 38 N and
longitudes 114 to 123 E (ref., Fig. 1). The
region included some parts of Shandong, Jiangsu,
Hebei, Henan and Anhui provinces.
3.2 Input data computation and derivation
The data required as input to Eq. (12) was primarily derived from satellite, in particular the
MODIS (moderate resolution imaging spectroradiometer) sensor. Two overpass dates were chosen (April 2nd and July 15th 2002) as a test bed
for the method from which early morning and
late afternoon images were acquired, processed
and utilized in Eq. (12) to derive spatial fields of
air temperature. Other data resources comprised
land use map data and meteorological data. The
components of Eq. (12) are now discussed in
more detail.
3.2.1 Land surface temperature
The initial images of land surface temperature, at
a resolution of 1 km, were downloaded from
NASA’s website on the Internet. Land surface
temperature was computed from the MODIS
image according to the day=night LST algorithm
that accounts for surface emissivity (Wan and Li,
1997; Wan, 1999). The LST algorithm has been
validated by MAS (MODIS Airborne Simulator)
data and field measurement data acquired in
field campaigns conducted in 1996–1998 (Wan
et al., 1998). To further corroborate the remotely
sensed values of land surface temperature, longterm measurement points were taken at Dongping
Lake, Shandong province. With the exception
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Fig. 1. Site map showing the provinces that
encompass the study area

of cloudy and rainy days, measurements
were taken twice a day at several points over
an area of 1 km2, i.e. equivalent to a MODIS
pixel. One set of measurements were taken
before sunrise when the net radiation on the
water surface equaled zero while the other set
were taken at the time when the MODIS satellite
passed over the study area in the late afternoon, at which time the net radiation would be
close to a maximum. The means of these measurements were calculated and used as a basis
to calibrate those computed through the NASA
algorithm.
3.2.2 The  parameter
Using Eqs. (6) and (7),  was computed using
values of NDVI as derived from the MODIS
dataset. The initial images of NDVI, at a resolution of 1 km, were downloaded from NASA’s
website on the Internet. NDVI was computed
according to the method described in Huete
et al. (1999).
3.2.3 Net radiation
The net radiation was computed according to the
following equation (Zhang, 1996)
"a Tsky 4
Rn ¼ ð1  ÞS0  "s Ts 4 þ 
 ð1  "s ÞTsky 4 :

ð16Þ

In Eq. (16) S0 represents the incoming shortwave radiation from the Sun (W=m2),  is the

surface albedo, Ts and Tsky are, respectively, the
absolute temperatures of the land surface and
the sky (K), and "s and "a are, respectively, the
emissivities of the land surface and the atmosphere where the over-bar represents an averaged
quantity.  is the Stefan-Boltzmann constant
(5.6697  108 W m2 K4 ). S0 was measured
with a pyrheliograph and supplemented with
localized calculations for clear sky conditions.
The sky temperature was measured by an infrared thermodetector, with a zenith angle setting of
53 . In addition, an integrated method was used
to validate the result. This involved using an
instrument that rotated automatically to scan air
temperature at different azimuth and zenith
angles; results were numerically summed to
obtain an integrated temperature. Details of the
two methods are to be found in Zhang (1996).
Albedo was computed by applying the model of
Liang (2001a, b). Emissivities were first measured directly above different land use types to
produce a look up table, and then using a land
use map for the area, a pixel’s emissivity was
determined (Zhang et al., 2003) by reference to
this look up table. Validation of Rn was carried
out at the Yu Cheng Integrated Agricultural
Experimental Station, CAS (Chinese Academy of
Science). All parameters used in the computation
of Rn were measured during the satellite overpass
period over the study area. Any errors associated
with a time lag in measurement will be addressed
in the discussion of the model’s sensitivity.
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3.2.4 Aerodynamic resistance
The SEBAL (Surface Energy Balance Algorithms
for Land) model was used in the computation
of aerodynamic resistance (Bastiaanssen et al.,
1998a, b; Bastiaanssen, 2000; Pan, 2003). Remotely sensed land surface temperature (Section
3.2.1) can be used in an inversion procedure of the
SEBAL model to estimate surface parameters at
the regional scale. The advantage of the SEBAL
Table 1. Parameters of the iterative process of MODIS
image (April 2nd, 2002). Columns labeled a and b are linear
coefficients in the relationship of land surface temperature
and air temperature assumed in iteration
Times of
iteration

a

b

ra (cold)
(s=m)

ra (hot)
(s=m)

1
2
3
4
5
6

0.448
0.216
0.289
0.258
0.269
0.265

131.988
63.413
84.811
75.761
79.034
77.817

36.576
25.045
28.939
26.987
27.971
27.796

41.140
21.486
27.687
24.994
26.032
25.690

Table 2. Same as Table 1 except for July 15th, 2002
Times of
iteration

a

b

ra (cold)
(s=m)

ra (hot)
(s=m)

1
2
3
4
5

0.341
0.167
0.227
0.202
0.211

103.491
50.474
68.775
61.050
63.835

33.697
24.803
27.642
26.805
26.602

38.261
20.227
26.409
23.867
24.689
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model is in the simplicity of the input parameters
together with relatively minor computational overhead. The aerodynamic roughness is the key to the
determination of aerodynamic resistance, values
of which were assigned according to land use type
for each pixel using a prescribed look-up table.
The methodology used to determine the aerodynamic resistances is described in the SEBAL training manual (Waters et al., 2002). It involves
defining two points, namely a ‘‘cold point’’ and
‘‘hot point’’, which are chosen as boundary conditions in an iteration process whereupon the
SEBAL model eliminates the so-called buoyancy
effects until the aerodynamic resistance value of
the two points become stable. Tables 1 and 2 indicate the parameters used in the iterative process
to derive aerodynamic resistance for the MODIS
images of April 2nd and July 15th, 2002.
3.2.5 CWSI
The difference between all kinds of CWSI’s lies
in the computation of potential evapotranspiration and thus involves different micrometeorological parameters. In this work, the traditional
experimental definition was taken as noted earlier (Eq. (10)); that is, the available energy (RnG) is regarded as potential evapotranspiration. To
compute potential evapotranspiration, this study
adopted the separation method of latent and
sensible heat fluxes by Su et al. (2001). In this
method, the upper and lower borders formed
by the scatter points of apparent thermal inertia

Fig. 2. Scatterplot of apparent thermal inertia versus NDVI for (a) April 2nd, 2002, and (b) July 15th, 2002
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Table 3. Equations of upper border and lower border and Bowen Ratio (April 2nd and July 15th 2002). The terms x and y in the
expression of upper border and lower border represents NDVI and DT (apparent thermal inertia) respectively. B represents the
Bowen Ratio and the subscript i represents each pixel

Upper Border
Lower Border
Bowen Ratio

April 2nd

July 15th

y ¼ 32:3568x þ 30:2983
y ¼ 14:8808x þ 1:4598
i 30:2983þDTi
Bi ¼ 1  32:3568NDVI
47:2376NDVI 28:8385

y ¼ 46:0905x þ 44:6288
y ¼ 23:9951x  4:2839
i 44:6288DTi
Bi ¼ 1  46:0905NDVI
70:0856NDVI 48:9127

i

(computed through the land surface temperature
difference between day and night MODIS data)
and NDVI were identified (ref., Fig. 2). The border equations of each triangle in Fig. 2 are shown
in Table 3. Subsequently the Bowen Ratio of
each pixel was computed according to the following method (Eq. 17) from Su et al. (2001):
Bi ¼ 1 

DTu ðNDVIi Þ  DTi
:
DTu ðNDVIi Þ  DTl ðNDVIi Þ

ð17Þ

Here, DTu(NDVIi) represents the upper border
of the triangle in Fig. 2, and DTl(NDVIi) represents the lower border of the triangle in

i

Fig. 2. Both are functions of NDVI in each pixel.
DTi is the apparent thermal inertia for each pixel.
Lastly, latent and sensible heat fluxes from
(Rn  G) were separated according to Eqs. (18)
and (19). Whereupon CWSI’s of each pixel were
computed according to Eq. (10).
Bi
;
ð18Þ
Hi ¼ ðRni  Gi Þ 
1 þ Bi
ðRni  Gi Þ
LEi ¼
:
ð19Þ
1 þ Bi
Here, H, LE and G are the same as items in
Eq. (1).

Fig. 3. Aerodynamic resistances derived from MODIS image for (a)
April 2nd, 2002, and (b) July 15th,
2002
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Fig. 4. CWSI
derived
from
MODIS image for (a) April 2nd,
2002, and (b) July 15th, 2002

3.3 Results and in-situ comparison=
validation
Figure 3 (a and b) shows the inverted result of
aerodynamic resistance. Similarly, the CWSI
images derived from the separation method of
the latent heat flux and the sensible heat flux
are shown in Fig. 4 (a and b). Finally by
coupling the measurements of land surface
temperature, net radiation, derived aerodynamic
resistance and CWSI and applying Eq. (12), a
spatially derived air temperature map is arrived
at the moment of the MODIS satellite overpass
for the study area, this is shown in Fig. 5 (a
and b).
The results were validated against measurements from standard meteorological stations.
There were 33 available weather stations in
the study area at the time. As the model required the input of several variables, such as
land surface temperature, net radiation and
NDVI, all the input data must exist for each

pixel to obtain the resultant image of air temperature. If any of the input variables were null
for some reason (e.g. cloud covered) then the
result was set to zero. Fortunately, at least five
pixels corresponding to weather station locations could be used on any particular day.
The results of each set of paired data are given
in Tables 4 and 5 for both dates. The deviation
on April 2nd range from 0.18 to 1.9  C, and
from 0.3 to 3.61  C on July 15th. An accuracy
of about 3  C was achieved at more than 80%
of locations processed.
3.4 Model sensitivity
Data for July 15th were used to examine the
sensitivity of the model. Tables 6 through 9
show the deviations in the air temperature computed after perturbing T0, f and Rn from their
initial values individually and jointly. Of note
is the fact that the deviation in air temperature
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Fig. 5. Air temperature ( C) derived from MODIS image for (a)
April 2nd, 2002, and (b) July 15th,
2002

Table 4. Comparison of air temperature between field measurements and the result inverted from MODIS image (April 2nd,
2002)
ID of weather
station

Name of weather
station

Measurement
value  C

Inversion
result  C

Deviation

C

54725
54736
54705
54909
54936

Hui Min
Yang Jiaogou
Nan Gong
Ding Tao
Ju Xian

28.7
28.3
29.2
28.7
27.2

28.80
29.54
27.93
27.07
28.94

0.1
1.24
1.27
1.63
1.74

Table 5. Comparison of air temperature between field measurements and the result inverted from MODIS image (July 15th,
2002)
ID of weather
station

Name of weather
station

Measurement
value  C

Inversion
result  C

Deviation

C

54725
54705
54736
54824
54808
54916

Hui Min
Nan Gong
Yang Jiaogou
Zi Chuan
Chao Yang
Yan Zhou

39.9
41.5
37.6
40.0
40.2
39.7

40.56
40.73
41.02
42.20
38.53
36.61

0.66
0.77
3.42
2.20
1.67
3.09
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Table 6. Deviation of air temperature between field measurements and the result inverted from MODIS image affected by T0
(July 15th, 2002). P represents ‘‘point’’. 6 points were used to verify the sensitivity of the model
T0  C

1
2
0
1
2
Ref. of Ta ( C)

Deviation ( C)
P1

P2

P3

P4

P5

P6

1.6570
2.6570
0.6570
0.3430
1.3430
39.9

0.2293
1.2293
0.7707
1.7707
2.7707
41.5

4.4177
5.4177
3.4177
2.4177
1.4177
37.6

3.2022
4.2022
2.2022
1.2022
0.2022
40

0.6697
0.3303
1.6697
2.6697
3.6697
40.2

2.0899
1.0899
3.0899
4.0899
5.0899
39.7

Table 7. Deviation of air temperature between field measurements and the result inverted from MODIS image affected by f
(July 15th, 2002). P is as stated for Table 6
f (%)

10
15
20
0
20
15
10
Ref. of Ta ( C)

Deviation ( C)
P1

P2

P3

P4

P5

P6

0.6516
0.6490
0.6463
0.6570
0.6678
0.6651
0.6624
39.9

0.7779
0.7815
0.7851
0.7707
0.7562
0.7598
0.7634
41.5

3.4155
3.4144
3.4133
3.4177
3.4222
3.4211
3.4200
37.6

2.1987
2.1970
2.1953
2.2022
2.2092
2.2075
2.2057
40

1.6781
1.6823
1.6864
1.6697
1.6530
1.6572
1.6614
40.2

3.1031
3.1098
3.1164
3.0899
3.0635
3.0701
3.0767
39.7

Table 8. Deviation of air temperature between field measurements and the result inverted from MODIS image affected by Rn
(July 15th, 2002). P is as stated for Table 6
Rn (%)

10
15
20
0
20
15
10
Ref. of Ta ( C)

Deviation ( C)
P1

P2

P3

P4

P5

P6

0.5127
0.4406
0.3684
0.6570
0.9456
0.8735
0.8013
39.9

0.8697
0.9193
0.9688
0.7707
0.5725
0.6221
0.6716
41.5

3.3235
3.2764
3.2293
3.4177
3.6062
3.5591
3.5120
37.6

2.0285
1.9416
1.8547
2.2022
2.5498
2.4629
2.3760
40

1.8127
1.8842
1.9557
1.6697
1.3838
1.4553
1.5268
40.2

3.2949
3.3974
3.4999
3.0899
2.6799
2.7824
2.8849
39.7

Table 9. Deviation of air temperature between field measurements and the result inverted from MODIS image affected by T0, f
and Rn (July 15th, 2002). P is as stated for Table 6
Deviation ( C)


T0 ( C)

f (%)

Rn (%)

P1

P2

P3

P4

P5

P6

1
1.5
2
0
2
1.5
1
Ref. of Ta ( C)

10
15
20
0
20
15
10

10
15
20
0
20
15
10

0.2003
0.6255
1.0507
0.6570
2.3507
1.9255
1.5003
39.9

1.6737
2.1205
2.5674
0.7707
1.0074
0.5605
0.1137
41.5

2.5064
2.0547
1.6029
3.4177
5.2171
4.7653
4.3136
37.6

1.3773
0.9659
0.5545
2.2022
3.8455
3.4341
3.0227
40

2.5287
2.9530
3.3774
1.6697
0.0174
0.4070
0.8313
40.2

3.8918
4.2827
4.6736
3.0899
1.5464
1.9373
2.3282
39.7
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is of a magnitude and extent similar to the
results reported in Section 3.3, this being the
case whether the three variables were changed
individually or jointly. It also seems not to
matter whether they are skewed in the positive
or negative direction as this does not cause any
significant change in the deviation of derived
air temperature, as retrieved from the use of
MODIS images, compared with air temperature
measured at the meteorological stations. This
result indicates that the method of air temperature determination can endure error in the computation of the input within the limits tested
here.
4. Conclusions and discussion
In this paper, we suggest a new method (based
on thermodynamics) to retrieve regional air temperature using remotely sensed data (MODIS).
CWSI was used as the basis for the establishment of the relationship between air temperature and land surface temperature. The method
was applied for a region located in the North
China Plain. An accuracy of within 3  C was
achieved for more than 80% of the data processed and sensitivity studies also indicate that
measurement errors result in similar deviations
in air temperature from that observed. The
method may be applied to other similar satellite
data that have morning and afternoon overpasses (e.g. AVHRR), as the underlying processes based on thermodynamics will remain
the same.
The determination of CWSI and aerodynamic
resistance are two parameters that are crucial to
the method. As for CWSI, different methods
can be used to compute it with different sources
of data: for example, meteorological data or,
more recently, microwave remote sensing data
(Seguin et al., 1991; Paloscia and Pampaloni,
1984). In the computation of aerodynamic
resistance the difficulty lies in defining the
aerodynamic roughness. In the SEBAL model,
aerodynamic roughness is determined according
to land use type using an experimental look-up
table. However, aerodynamic roughness can also
be computed based on mechanics (Zhu, 2003),
but more data and more complex equations are
needed. Moreover, the SEBAL model is a singlelayer model that by definition only accounts for

single-direction transfer between the land surface and the atmosphere. A more accurate
model to compute aerodynamic resistance could
include more functionality but may be offset by
excess data requirements that may be difficult to
obtain with required accuracy. The algorithms
used to compute the two parameters in the paper
are simple but the results obtained in this study
should certainly be of interest to investigators
working in areas where there is no adequate
data available or where air temperature measurements are sparse. It is envisaged that, with
improved methods for computing CWSI and
aerodynamic resistance, a better level of accuracy could be achieved.
The resolution of the retrieved air temperature is by definition at 1 km, this being the spatial resolution resolved at the MODIS sensor.
The reasons for the comparatives with measurements from the meteorological stations are simply pragmatic, i.e. meteorological stations are
the only references that were currently available. The inversion method of air temperature,
however, transcends numerous surface types
while measurements from the meteorological
stations conform to a standard and so stations
maintain similar underlying surfaces, i.e. they
are generally grassy. It is therefore to be
expected that differences will occur as a result
of this and while certainly an issue, better
representation of the surface at the pixel scale
will be addressed in future research. Furthermore, a validation using 5–6 points is not sufficient to statistically assess the accuracy of the
method. The new methodology we describe in
this paper is an initial trial to retrieve nonremote sensing parameters (i.e. air temperature)
by the way of remote sensing (MODIS land
surface temperature).
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