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Abstract: Land surface is normally considered as a mixture of soil and vegetation.
Many applications, such as drought monitoring and crop-yield estimation, benefit from
accurate retrieval of both soil and vegetation temperatures through satellite observation.
A preliminary study has been conducted in this study on the estimation of land surface soil
and vegetation component temperature using the geostationary satellite data acquired by
Spinning Enhanced Visible and Infrared Imager (SEVIRI) onboard the Meteosat Second
Generation (MSG) and TERRA-MODIS data. A synergetic algorithm is proposed to derive
soil and vegetation temperatures by using the temporal and spatial information in SEVIRI
and MODIS products. The approach is applied to both simulation data and satellite data.
For simulation data, the component temperatures are well estimated with root mean
squared error (RMSE) close to 0 K. For satellite data application, reasonable spatial
distributions of the soil and vegetation temperatures are derived for eight cloud-free days in
the Iberian Peninsula from June to August 2009. An evaluation is performed for the
estimated vegetation temperature against the near surface air temperature. The correlation
analysis between two datasets is found that the R-squareds are from 0.074 to 0.423 and
RMSEs are within 4 K. Considering the impact of fraction of vegetation cover (FVC) on
the validation, the pixels with FVC less than 30% are excluded in the total data
comparison, and an obvious improvement is achieved with R-squared from 0.231 to 0.417
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and RMSE from 2.9 K to 2.58 K. The validation indicates that the proposed algorithm is
able to provide reasonable estimations of soil and vegetation temperatures. It is a potential
way to map soil and vegetation temperature for large areas.

Keywords: MODIS; SEVIRI; component temperature

1. Introduction

Land surface temperature (LST) is one of the most important parameters in all surface-atmosphere
interactions and the energy fluxes between the atmosphere and the ground [1]. It is a key parameter in
a variety of scientific studies including climatology, hydrology, ecology, biogeology, etc. [2-5].
Remote sensing techniques are a unique way for deriving the contiguous surface temperature on
regional or global scale, and two spectral regions, which are referred to as thermal infrared (TIR,
3-15 um) and microwave (1 mm-1 m), are commonly used to retrieve regional LST [6]. Compared
with microwave, thermal infrared remote sensing exhibits the characteristics of better spatial
resolution, more accurate temperature estimation, and multi-satellite sensor availability. Therefore,
TIR remote sensing becomes the major way to estimate LST, and many LST estimation methods have
been successfully developed with a high accuracy for different satellite sensors [6-13]. However,
pixels observed by TIR remote sensing are usually mixed with various land cover types, and pure
pixels rarely exist, especially for geostationary satellite data, such as those acquired by the Meteosat
Second Generation (MSG) Spinning Enhanced Visible and Infrared Imager (SEVIRI) with a spatial
resolution more than 3 km. Consequently, the estimated pixel LST represents the integrated effect of
the whole “ensemble” (or the average temperature information) within the pixel. Although many
studies attach importance to the pixel LST [14-20] or try to downscale pixel LST to conduct subpixel
study [21,22], the component temperatures within the mixed pixel seem more meaningful and
useful [23,24]. Notably for soil and vegetation, they are two major components of land surface.
The large difference in thermal capacity between soil and vegetation induce the large difference of
temperature change pattern. Soils are able to retain a larger part of the energy absorbed from the sun,
whereas the low thermal capacity of leaves normally prevent their temperature to vary by more than a
couple of degrees from the surrounding air temperature [25]. Therefore, the surface temperature will
show different characteristics under different vegetation cover conditions. With the estimation of soil
and vegetation temperatures, we can better understand the surface energy fluxes and surface soil
moisture condition, which enhance the ability of drought monitor, yield estimation, and so on.

However, in remote sensing inversion, the problems are typically ill-posed as there is not enough
data to result unique solutions [26] and the soil and vegetation component temperature estimation also
faces this problem. To solve it, many scientists have done considerable work to increase the number of
the equations by adding additional information based on some assumptions [24,27-30]. Generally, for
a homogeneous isothermal surface, the directional signature of land surface thermal-infrared radiation
is mainly attributed to the directional effect of the surface emissivity (LSE). However, remote sensing
pixel often consists of multiple components and is a non-isothermal surface. Due to the directional
effect of the component emissivities, the different illumination-observation geometries and the impact
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of the pixel 3D structure on radiation emission, the pixel temperature observed by TIR sensor usually
shows significant directional effect [31-36]. Furthermore, the effect is also partly induced by the
temperature differences among the components and the environmental radiation.

Based on the thermal directional effect, Kimes [33] first tried to test the radiometric temperature
observation at different view angles for a cotton row crop and found the sensor response differentials
as great as 16.2 <C when going from a zenith view angle of 0 degree to one of 80 degree normal to the
row direction. Wang et al. [37] made use of the directional information embedded in the visible and
near infrared bands to invert the 3D structure parameters of the pixel, and, then, used the structure
parameters in the TIR models to invert the component temperatures. Li et al. [27] systematically
analyzed the directional effect of the observed brightness temperature using ERS-2 along Track
Scanning Radiometer (ATSR-2) multi-direction observation data, separated the vegetation and soil
temperatures well, and further suggested that an appropriate description of the pixel was needed for the
component temperature estimation. Adopting the dual-view angle measurements made by ATSR-2,
Jia et al. [38] also proposed a practical algorithm to derive component temperatures of soil and foliage
employing multi-spectral remote sensing data. In addition, a thermal model-based algorithm was
developed by Shi [24] for estimating the soil and leaf temperatures over mixed pixels based on the
simulated the directional radiation, and it was successfully validated by the simulation data and the
field experiment data.

Obviously, most of the soil and vegetation component temperature estimation methods are based on
the directional effect of the surface radiation. However, most satellite sensors normally cannot provide
simultaneous acquisitions at different angles, which impede the application of the multi-angle retrieval
algorithm in estimating the soil and vegetation component temperatures. Therefore, a practical method
is urgently needed to derive component temperatures based on the satellite data with simultaneous
observation at single one view direction. To facilitate the estimation of component temperatures,
additional information is required when the multi-angle information cannot be provided. The rich
temporal information within the geostationary satellite data offers a good opportunity. In this study, on
the basis of MSG-SEVIRI products and TERRA-MODIS products, we developed a synergetic
algorithm by using the rich temporal information of SEVIRI products combined with the spatial
information from MODIS products to derive the soil and vegetation component temperatures during
the mid-morning period. The performance of the algorithm was evaluated by the simulation data and
satellite data acquired in the Iberian Peninsula respectively.

2. Methodology

As we cannot directly derive the component temperature from satellite data, additional assumptions
are required. Many scientists have done much work to increase the number of the equations by adding
additional information based on some assumptions to solve this problem [24,27,28,38]. The multi-angle
algorithms proposed by [27,38,39] are developed under the assumption that the pixel is composed of
soil and vegetation, and its thermal directional effect is induced by the vegetation cover differences
under different view angles. However, for single view angle satellite data, the vegetation cover is
constant. Therefore, some other information like the spatial or temporal information should be utilized
to increase the number of equations and complete the component temperature estimation.
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Generally, on the basis of the radiative transfer theory, the radiance B, measured from the sensor at
the top of atmosphere (TOA) in channel A under a zenith observation angle @ is given by:

B, (TA ' 0) =£,,B, (Tsur , 9) oo™ R:tm,/l,e +(1_5,1,9 ) Ritm,iz-lﬂ (1)

It includes three parts: the surface emission that is attenuated by the atmosphere, the upwelling
atmosphere emission towards the sensor, and the downwelling atmosphere emission that is reflected in
the surface and reaches the sensor. In the equation, B, is the Planck function, B;(Ts.r,0) is the radiance
measured if the surface was a black body with surface temperature Tsy, R'am,.0 is the atmospheric
upwelling radiance at zenith angle 6, ¢, is the surface channel emissivity at zenith
angle 0, 7, is the total atmospheric path transmittance at zenith angle 0, and R'am, is the channel
downwelling atmospheric radiance from the whole hemisphere in channel A.

After neglecting the atmospheric effect, we can get the directional radiance (Lsr) emitted by
the surface itself. Usually, except for water surfaces and impervious surfaces, most land surfaces can
be regarded as a mixture of soil and vegetation. Therefore, the radiance L, can be expressed by the
linear integration of the radiances emitted by the soil surface and vegetation surface within the
observed pixel [27,39]:

Lo = ‘9(9) B(Tsur): a, (9)6‘\, (9) B(TV)+as (9)6‘5 (0) B(TS) (2)

where a,(#) and as(#) are the area ratios of vegetation and soil in the pixel in view direction 4. a,(6) can
be also defined as the fraction vegetation cover (FVC) and it equals to 1 — as(6). &,(0), Ty, &s(6), and Ts
are the emissivities and temperatures of the two components respectively. B(Ts), B(T,), and B(Ts) are
the thermal radiations of brightness temperature Tg, Ty, and Ts. As we are just concerned with satellite
data with only one view direction in this study, the view angle @ in the above expression is ignored in
the following text.

Based on Equation (2), for each surface temperature T, estimated from sensor measurement at
time t for one pixel, the pixel radiometric surface temperature T can be concluded as the following
expression (Equation (3)) of soil temperature T, and vegetation temperature T, without the
consideration of the multiple scattering between soil and vegetation at the same time based on the
study of [40] according to the Stefan-Boltzmann law. The simple linear mixture model is also approved
by Menenti et al. [39]. According to the research in [41], usually n = 4 is reasonable for 8-14 and
10-12 um wavelength bands. Therefore, the n value in Equation (3) is set to 4 in this study. It is clear
that the soil temperature and vegetation temperature cannot be directly derived by Equation (3) alone.
Under the condition that the variables FVC, &, &, and Taq4(t) are provided in the equation at time t, the
number of the unknowns (T,(t) and Ts(t)) is greater than the equation number. Therefore, the right
values of T,(t) and Ts(t) are unsolvable.

T (1) = €T, (1) =[ FVCT, (1) +(1-FVC) T, (1) | 3)

As reported by the studies of [17,42,43], the LST mid-morning rising approximates to a linear
rising process when the sky is clear, thus the pixel radiometric temperature is expressed as the
following equation:

Trad (t) = aradt + brad (4)
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where ar,q is the temperature rising rate (K/h), braq is the intercept (K) and t is time (h). The time period
is usually from 8 a.m. to 11 a.m. (local time). It is assumed that the same phenomenon is likely to
happen to soil and vegetation components. The soil temperature and vegetation temperature temporal
variation is written as:

S

T, (t)=at+h,
{T (t)=a,t+b, ®)

where a, and as are the rising rates of vegetation and soil temperature, while b, and bs are
the intercepts.
In light of Equations (3) and (5), the pixel radiometric temperature is rewritten as:

1/

s (= FVCa, (2t +b,) +(1-FVC), (at+b) ©)

rad

Equation (6) shows that the pixel radiometric temperatures during the mid-morning period are
determined by the rising rates and intercepts of both soil and vegetation temperatures. Taking n pixel
temperatures observed in this period as an example, the unknowns are significantly reduced from 2n
(n soil temperatures and n vegetation temperatures) to only 4 (ay, by, as, and bs). With the approximation,
it is possible to derive the soil and vegetation temperatures during the mid-morning period.

However, because the pixel temperature mid-morning variation is also a linear rising process, great
uncertainty, arising from the high correlation, will occur in the estimation of the component
temperatures with a single pixel observation. In this case, it will be an optimal way to introduce the
neighboring pixel observations with different FVCs into the calculation. Under this condition, the
component temperatures of the neighboring pixels are assumed to be consistent with those of the
center pixel. The number of the neighboring pixels is determined by the differences between their FVC
and the center one within a moving window.

Grounded on the approximations and assumptions provided above, the estimation of the component
temperatures is simplified to minimize the cost function shown as below.

1/4 2

12w ||Fvce(at,+b,)
C(a,.b, a,b)=min{—>>"w \ _Tradij(t) 7)
PASS= || +(1-FVC,) e (at; +b,) |
where p is the number of the pixels in the moving window, q is the number of the pixel temperature
observations during the mid-morning period, and w; is the weight which is controlled by the distance to
the center pixel. In this study, it is assumed that the closer pixel has greater weight than the farther one.
Therefore, the weight of the center pixel was set to 0.5, and the neighboring pixels shared the rest 0.5.
Figure 1 shows an example of a 5 by 5 window as an example. The center pixel has the highest weight

and the others decrease with the increase of the distance to the center pixel.



Remote Sens. 2014, 6 2218

Figure 1. Weight distribution in a 5 by 5 window.
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During the computation process, some additional conditions were added to constrain the estimated
vegetation and soil temperatures, enabling them to display reasonable values. These conditions are:

(1) Vegetation temperature is always lower than soil temperature;

(2) Vegetation temperature is lower than pixel temperature;

(3) Soil temperature is higher than pixel temperature;

(4) The rising rate of vegetation temperature is lower than those of soil temperature and
pixel temperature;

(5) The rising rate of soil temperature is higher than that of pixel temperature;

(6) Vegetation temperature is higher than the minimum temperature of the pixel from mid-night to
early morning;

(7) The soil and vegetation temperature should be no more than the soil and vegetation temperature
estimated from MODIS products at the TERRA overpass time in the daytime.

For the seventh condition, it is an additional limitation added in the component temperature
estimation process. Considering the difference in spatial resolution for SEVIRI products and MODIS
products, it can be assumed that the MODIS pixels in one SEVIRI pixel have the same soil and
vegetation temperature. Therefore, soil and vegetation temperature can be estimated using these
MODIS pixels to represent the values of the corresponding SEVIRI pixel, and the rule is set that the
soil and vegetation temperature in the estimation should be no more than the vegetation and soil
temperature estimated from MODIS products at the TERRA overpass time in the daytime.

For soil and vegetation temperature estimation using MODIS products, it was based on the
temperature-vegetation index method (TVX) [15,44]. The impacts of vegetation cover differences on
the average surface thermal characteristics and the evaporative control of energy partitioning induce
the strong and negative correlation between vegetation index and LST. Therefore, the soil and
vegetation temperature can be retrieved using the negative relationship at the corresponding NDVI
values representing bare soil and full vegetated surface as shown in Equation (8).

T —k*NDVI__ +b
T, =k*NDVI__ +b (8)

where k and b are the slope and intercept of the linear regression between NDVI and LST.
According to the study of Prihodko and Goward [45], the NDVIni, and NDVInax Were assigned to
0.2 and 0.86 respectively. With the derived soil and vegetation temperature from MODIS data, the
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estimated soil and vegetation temperatures should satisfy that their values are equal to or lower than
the estimated soil and vegetation temperatures from MODIS products.

3. Data Preparation
3.1. Satellite Data

The MSG-SEVIRI products was selected due to its high temporal resolution (15 min) compared
with polar orbiters, e.g., NOAA AVHRR, MODIS. The MSG satellite is a kind of new generation
geostationary satellite whose main payload SEVIRI includes 12 separate channels in the visible/near
infrared and infrared region. The repeat cycle for its earth imaging is 15 min. The spatial resolution is
also greatly improved with 3 km at the sub-satellite point for standard channels, and down to 1 km for
the High Resolution Visible (HRV) channel. Equipped with such good characteristics, the SEVIRI data
is able to monitor weather systems throughout the diurnal cycle, with unprecedented temporal and
spatial resolution, and has the unique capabilities for cloud imaging and tracking, fog detection,
measurement of the Earth-surface, and cloud-top temperatures, as well as many other improved
measurements [15,46-48]. Several numerical methods [49-52] have been developed to estimate land
surface temperature using SEVIRI data.

In this study, the Iberian Peninsula was chosen as the study area due to its cloud-free
weather compared with other part of Europe. The SEVIRI LST, LSE, and FVC products from June
to August 2009, were downloaded from Land Surface Analysis Satellite Applications Facility [53] to
estimate the component temperatures. These products have a sub-nadir spatial resolution of 3 km that
deteriorates towards the poles, reducing to an average of 5 km at E-W direction and 3 km at N-S
direction for the study area. The algorithm about LST, LSE, and FVC estimation can be referred to
Wan and Dozier [54] and Garcia-Haro et al. [55], respectively. The retrieval of LST is based on
clear-sky measurements from MSG system in the thermal infrared window (MSG-SEVIRI channels
IR10.8 and IR12.0). The website provides the Product User Manual and Algorithm Theoretical Basis
Document of these products. The TERRA-MODIS LST and NDVI products (MOD11Al and
MOD13A2) were also downloaded for the same period in the study area to get soil and vegetation
temperature at the satellite overpass time in the daytime from the website [56] Figure 2 shows the
vegetation cover of the study area on 1 July 2009. The distribution shows that a large part of the
peninsula has low vegetation cover, and only the area in the north is densely covered with vegetation.

To simplify the component temperature estimation in this study, the emissivities of soil and vegetation
are simply set to constant values like the study of Li et al. [27]. According to the LSE and FVC
product downloaded from the website, linear regression result is performed between them in the study
area on 1 July 2009 (Figure 3). In Figure 3, although there are some points (LSE < 0.94) deviating from
the assembling points (LSE > 0.95), their amount is considerably small compared with that of the latter.
Therefore, good agreement is found between two datasets, and the coefficient of the determination
(R-square) is 0.912. Similar regression results can be derived for other days. Therefore, the emissivity
values at FVC =0 and FVC =1 are set to the right values of vegetation and soil emissivities in this
study. Their values are taken as &, = 0.995 and & = 0.963, and close to those of Li et al. [27].
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Figure 2. Fraction of vegetation cover (FVC) of the study area on 1 July 2009, and the
locations of the meteorological stations (red points).
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Figure 3. Scatter plot between fraction of vegetation cover (FVC) and emissivity in the
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3.2. Simulation Data

In addition to satellite data, simulated images were also generated to validate the proposed method.
Before simulation, several parameters about the component temperature information should be
provided first.

In cloud-free days, it is reasonable that after the early morning dew evaporation process, soil
surface temperature is usually higher than vegetation temperature during the mid-morning period with
the same environmental condition (air temperature, global radiation, wind speed, etc.), and, thus, the
rising rate of soil temperature is usually higher than that of vegetation temperature. The phenomenon
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can be observed from the scatter plot between LST mid-morning rising rate and FVC in the study area
on 1 July 2009 (see Figure 4a). The points distributed around the fitted line, and they are a little
dispersed due to the differences of their environmental conditions. However, the negative correlation
between rising rate and FVC approves the fact above. Two points (P1 and P2) approximated to bare
soil surface (FVC = 0.011) and fully vegetation covered surface (FVC = 0.931) are picked out from
Figure 4a. The LST mid-morning rising processes of the two points are presented in Figure 4b. It is
obvious that the rising processes of the two points are well linear fitted with the coefficients of
determination (R-squared) of 0.979 and 0.958, respectively. The rising rate of P1 is 6.57 K/h, and that
of P2 is 1.81 K/h. The sampling points show the obvious differences of LST change under different
vegetation cover conditions.

Figure 4. (a) Scatter plot between land surface temperature (LST) mid-morning rising rate
and fraction of vegetation cover (FVC) in the study area on 1 July 2009. (b) The LST
mid-morning rising processes of the two points approximating to full vegetation and bare soil.
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With the temperature rising information provided above, it is assumed that the mid-morning rising
processes of vegetation and soil component temperature in the simulated images are similar as those
of the two sampling points (P1 and P2). The rising rates of soil and vegetation temperature are set
to 6.57 K/h and 1.81 K/h, and the intercepts are set to 261.22 K and 283.97 K, respectively. The time
period is from 8 a.m. to 11 a.m. with a frequency of 15 min.

According to the assumed soil and vegetation temperature in the period, the simulated mixed pixel
radiometric temperature can be calculated according to the Equation (6) with pre-defined FVC value
and soil/vegetation emissivity. In the simulated images, it is supposed that there are only two pixels
composed by soil and vegetation components and the percent of vegetation cover is determined by
FVC. The two pixels have the same soil and vegetation temperature variation characteristics as shown
in Figure 4b, and the radiometric temperature differences between them are majorly controlled by the
FVC differences of them based on Equation (3). To validate the performance of the proposed method
at different vegetation cover conditions, we simulated the mid-morning temperature rising processes of
the two pixels with different vegetation cover combinations. Technically, the FVC of each pixel
changed from 0 to 1 with the step of 0.02. Therefore, there are 2601 (51 > 51) cases with different
FVC combinations, and they are used to evaluate the proposed method.
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3.3. Validation Data

As Ehrler [57] has found through experiments that leaves of most crops were essentially close to the
air temperature, and the canopy-air temperature equality hypothesis is assumed valid due to
heterogeneity and shade effects at the satellite pixel scale [58], the estimated component temperatures
are roughly validated by comparing the derived vegetation temperature with the air temperature.
Several Fixed-Weather-Stations located in the study area were selected as the reference sites
(see Figure 2). The hourly air temperature data were downloaded from the NCDC climate data online
system [59] from June to August 2009, and the air temperature is measured at a height of about 2 m
above ground according the standard weather station regulation. As shown in Figure 2, the stations are
distributed over the whole study area, and their located pixels, have quite different surface conditions
(from high to low vegetation cover).

4. Results and Analysis
4.1. Application to the Simulation Data

To evaluate the performance of the proposed method, the algorithm was firstly applied to the
simulated dataset. As introduced in Section 3.2, the simulated images have two pixels. Different FVC
combination of these two pixels corresponds to one case, and there are total 2601 cases. The method
was run for each case to derive the component temperatures in the mid-morning period, and the
estimated soil and vegetation temperatures in the period were compared with the pre-defined soil and
vegetation temperatures, as shown in Figure 4b. The root mean squared error (RMSE) was derived for
each case (see Figure 5).

Figure 5. RMSEs of soil and vegetation temperature estimation results for different fraction
of vegetation cover (FVC) combinations.
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As shown in Figure 5, for most cases, the RMSEs of the estimated vegetation temperature and soil
temperatures are very close to 0 K. However, when the FVCs of both simulated pixels are very close
(the points in or near the diagonal line and the FVC difference within 0.04), the temperatures of the
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two pixels in the mid-morning period will show very small or no differences and they can be regarded
as one bigger pixel. Therefore, it results large error or high uncertainty in the estimation, and the
RMSEs are usually up to tens of degrees. Under this condition, the similar radiometric temperature
variation pattern of the two pixels induces a large uncertainty for the solution of Equation (7). It is also
observed that the estimated soil temperature has higher accuracy than the estimated vegetation
temperature when the FVCs of both pixels are very low because of the rich soil temperature
information in the pixel temperature. In contrast, the estimated vegetation is more accurate than the
estimated soil temperature at the high value FVC condition. The estimation was conducted without the
consideration of the error of pixel temperature and FVVC estimation, and the results of simulation data
validation suggest that the proposed method is capable of accurately estimating the component
temperatures when the neighboring pixel has different vegetation cover.

4.2. Uncertainty Analysis

The above evaluation is based on the assumption that the pixel temperature and the FVVC are error
free. However, in real situations, due to the uncertainty of the pixel temperature and FVC estimation,
errors inevitably occurred. Therefore, uncertainty analysis is needed to investigate the influence of the
errors of the pixel temperature and FVC estimation on the retrieval accuracies of the estimated
component temperatures.

The effects of the FVC uncertainty were analyzed first. Similar to the method mentioned in
Section 4.1, the simulated LST images during the mid-morning period with two adjacent mixed pixels
were selected, and the vegetation and soil component temperatures are the same as the vegetation and
soil temperature variation characteristics as shown in Figure 4b in Section 3.2. In these images, the
vegetation cover of one pixel is set to 40%, and another is set to 60%. Then, a Gaussian distributed
random error was added to the FVC of the first pixel while the FVC of another pixel maintained the
original value (60%). The random error is determined by its mean (M) and standard deviation (SD).
To identify the impact of different errors, we change the mean value from 0 to 0.1 with the step
of 0.01, and the standard deviation value varies from 0 to 0.2 with the step of 0.02. In total, there are
121 error cases. For each error case, 100 random errors were generated under the pre-set error mean
and standard deviation and added to the FVVC of the first pixel.

The proposed method was applied to these cases. For each error case, there are 100 groups of the
derived vegetation and soil temperatures in this period, and the RMSE was calculated between the
estimated component temperatures and the pre-defined component temperatures for each group. The
average value of the RMSEs of these 100 groups was used to represent the accuracy of the estimation
results in such error case. The results shown in Figure 6 reveal that the RMSEs of the estimated
vegetation and soil temperature have similar distribution pattern with the change of the random error.
With the increasing of the mean and standard deviation of the random error, the estimation errors of
soil and vegetation temperature have an obvious increased trend. The maximum value of RMSE is
more than 15 K for some cases. The accuracy of the pixel’s FVC directly determines the final accuracy
of the estimated soil and vegetation temperature. The relationship shows that the estimation accuracy
exhibits a pretty high sensitivity to the FVC error, and the accuracy of the proposed method is highly
dependent on the accuracy of the mixed pixel FVC estimation.
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Figure 6. RMSEs of soil and vegetation temperature estimation for different fraction of
vegetation cover (FVC) error cases. M: mean of FVVC random error. SD: standard deviation
of FVC random error.
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In addition to the impact of the FVC error, the influence of the uncertainty of the pixel temperature
estimation should be analyzed as well. As the FVC uncertainty impact analysis, a Gaussian distributed
random error was added to the pixel temperatures of the two pixels in the period. The FVCs of the two
pixels are error free. The mean and the standard deviation of the random error both increase with the
step of 0.04 from 0 to 4 K. Like the uncertainty analysis of the FVC error above, there are
121 pixel temperature error cases. For each error case, 100 random errors were generated and added
to the temperatures of the two pixels in the mid-morning period. 100 groups of vegetation and soil
component temperatures were estimated in each case and RMSE was calculated for each group. The
average value of the RMSEs of these 100 groups was used to represent the accuracy of the estimation
results in this error case. The RMSEs of vegetation and soil temperature estimation are presented in
Figure 7. Compared with the high sensitivity to the FVC error, the method is less sensitive to the error
of the pixel temperature estimation. The RMSEs do not display a significant rise when the mean and
standard deviation of the temperature error increase. For these 121 error cases, most of the RMSE
values are below 4K. Although the absolute value of pixel temperature is greatly influenced by the
estimation uncertainties, the temporal change of pixel temperature is less affected by the uncertainties.
Therefore, the temporal information used in the proposed method partly prevents the propagation of
pixel estimation error to component temperature.

For the proposed algorithm, it is on the premise of linear rising process approximation of soil and
vegetation temperature in the mid-morning period under clear sky condition. Generally, the linear
rising process of pixel LST has been widely approved, but the rising processes of soil and vegetation
temperature are less discussed. In Figure 4b, two pixels with very high and low vegetation cover
condition regarded as bare soil and vegetation are picked out as an example and their LST
rising process are very close to linear process with the R-squareds of 0.958 and 0.979, respectively.
To further analyze the process, we focus on the linear fitting performance of low vegetation cover part
(FVC < 30%) and high vegetation cover part (FVC > 70%), and these two parts can be approximated
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to soil and vegetation surfaces. The average fitting results of these two part pixels of each in the study
area are shown in Figure 8. Due to cloud cover, the R-squared and RMSE are zeros for some days.
Except for these days, although the R-squareds of low FVC part are a little higher than those of high
FVC part for some days, it is clear that the R-squareds keep to very high value (more than 0.8) for both
parts and the RMSEs are within 1 K. Therefore, although other factors may partly influence the LST
estimation results, the good regression results suggest that the temperature rising processes of soil and
vegetation component obey the linear process in the mid-morning period under clear sky condition.

Figure 7. RMSEs of soil and vegetation temperature estimation for different pixel
temperature error cases. M: mean of pixel temperature random error. SD: standard
deviation of pixel temperature random error.
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Figure 8. Linear regression performance of mid-morning land surface temperatures for
land surface with fraction of vegetation cover (FVC) < 30% and FVC > 70%: (a) R-squared;
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4.3. Application to Satellite Data

Except for the application to simulation data, the proposed method was also applied to MSG-SEVIRI
products with MODIS products in the Iberian Peninsula. As neighboring pixels will be selected in the
estimation, an appropriate size of the moving window should be set up in advance. The closest pixels
were firstly chosen. The running results with the simulation data in Figure 5 indicate that when the
FVC difference between the adjacent pixels is no more than 0.04, there will be big uncertainties in the
estimation results of soil and vegetation temperatures. Therefore, we assumed that if the maximum
FVC difference between the adjacent pixels and the center one is smaller than 0.05, the window size
should be enlarged to make sure the 0.05 difference. Commonly, the 5 x5 moving window is enough
to satisfy this rule. As the method is under the assumption that the pixels in the moving window have
the same soil and vegetation temperature at the same time, the window size should be not too large and
it is limited to 9 < 9. When the window size is decided, a robust regression [60] will be performed
between observation time and LST for all the pixels in the window. Ideally, as indicated before, the
mid-morning temperature rising process is very close to a linear process under clear sky condition. The
cloud cover condition in this period can be judged according to the LST value of each pixel at each
time. When cloud cover is happened to the pixel, the LST value is set to a very low value (-80 <C).
Therefore, it is easy to detect whether the pixel in the mid-morning period based on the values in this
period. However, due to some external factors, such as shortly existed thin cloud observed by satellite,
cloud not detected during the observation interval and cloud shadow, the temperature variation will
show small fluctuations, but the temperature rising trend will not disappear in this period. When the
robust regression is conducted, the observed temperatures impacted by above factors are regarded as
the outliers and they will be not involved in the regression. Finally, the pixel temperatures in this
period are substituted by the fitted ones calculated from the regression coefficients, the above impacts
will be partly eliminated. Figure 9 presents the flowchart in detail about the preprocessing.
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Figure 9. Flowchart of the preprocess for the MSG-SEVIRI data.
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After the preprocess of MSG-SEVIRI product based on the above flowchart, soil and vegetation
temperature of the study area at the TERRA satellite overpass time (about 11 a.m., local time) were
derived using the TVX method with MODIS products. Due to the coarse spatial resolution of SEVIRI
products compared with MODIS products, one SEVIRI pixel includes more than 10 MODIS pixels in
the study area. To get the co-location information between MODIS pixels and SEVIRI pixels, the
distance between each SEVIRI pixel and each MODIS pixel is calculated, based on the geo-location
information of each pixel. The nearest SEVIRI pixel of one MODIS pixel is thought as the pixel
containing the corresponding MODIS pixel. Generally, the soil and vegetation temperatures of the
SEVIRI pixel can be calculated from the corresponding MODIS pixels. However, in some cases, there
is a small NDVI variation of the MODIS pixels in one SEVIRI pixel, and it is hard to get the negative
relationship between NDVI and LST. Therefore, the MODIS window should be enlarged to include
more MODIS pixels in the estimation. In this study, based on the regression test with different
minimum values of the NDVI range, we find that the minimum NDVI range is appropriate to be set to
0.3 and the size of the MODIS window is finally determined by the NDVI difference. Figure 10 is the
estimated soil and vegetation temperatures from MODIS products at SEVIRI spatial scale and their
corresponding satellite observed time in 1 July 2009. It is observed that the soil temperature is
systematically higher than the vegetation temperature, and it has a relatively low value in high
vegetation cover places. The satellite view time presents that the spatial difference of the satellite
observation time in the study area.
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Figure 10. Estimated soil (a), and vegetation (b), temperatures from TERRA-MODIS
products using the TV X method at the satellite overpass time (c).
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With the estimated soil and vegetation temperature using MODIS products, an additional rule was
added to the component temperature estimation using SEVIRI products as introduced in Section 2.
Because of the differences in instruments, algorithms and inputs in LST estimation, preview studies
have indicated that the differences exist between two LST products [51,61]. In detail, the differences
have been found to be time-dependent, land-cover dependent, and inversely proportional to view
zenith angle differences [61]. It is difficult to eliminate the differences. Therefore, the LST differences
of both products were neglected in this study. Under this assumption, the estimated component
temperature should follow the constraint that the component temperature at the TERRA satellite
overpass time should be no more than the estimated soil and vegetation temperature using MODIS
products. Finally, the rising rates and intercepts of soil and vegetation temperatures of the study area
during the mid-morning period were retrieved using the proposed method for eight cloud free days.
Based on the rising rates and intercepts, the soil and vegetation temperatures of the eight days can be
directly calculated. Figures 11 and 12 shows the estimated soil temperature and vegetation temperature
at 9 am. (UTC Time) as examples. It is obvious that soil temperature is systematically higher than
vegetation temperature, and the average value of soil temperature is more than 300 K. For vegetation
temperature, the average value is about 290 K. From the spatial distribution pattern, it can be found
that both temperatures exhibit a decrease trend from south to north, which corresponds to the
distribution of the pixel temperature. The influence of vegetation cover on soil temperature is
significant. In the middle and southern part of the study area, there is usually high soil temperature,
while in the north, the increase of vegetation cover blocks the soil-warming process. Therefore, the
temperature difference between soil and vegetation has a bigger reduction in the north. Moreover,
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the vegetation temperature also has a large increase in the low vegetation cover area in the middle
and southern part. The fast heating process of soil temperature accelerates the increase of
vegetation temperature.

Figure 11. Soil temperature estimation results of the study area for eight different days
at 9 a.m. (UTC), 20009.
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Figure 12. Vegetation temperature estimation results of the study area for eight different
days at 9 a.m. (UTC), 2009.
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5. Validation and Discussion

The difficulty of obtaining in situ soil and vegetation temperatures at MSG SEVIRI spatial
resolution is one of the major obstacles to validate the retrieved component temperatures. To partially
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overcome this problem, the near surface air temperatures collected by ground atmospheric stations
were compared with the estimated vegetation temperature at each site according to the canopy-air
temperature equality hypothesis. Figure 13 illustrates the comparison results between the two
temperatures at 9 a.m., in the eight selected days in 2009. Due to the different cloud cover conditions
on different days, there are stations covered by cloud and the component temperatures are not
estimated. Therefore, the comparison is conducted for these stations and the number of points shown in
the subplot of Figure 13 is different from each other. In the scatter plots, the vegetation temperature
has a relatively larger range than the air temperature, which can be reflected by the value of the fitting
slope. The fitting slopes are all smaller than 1 for these eight days. The correlation analysis shows that
there is a positive correlation between these two datasets. The R-squared changes from 0.074 to 0.423
and the RMSEs are within 4 K. The poorest correlation happened on 1 July due to a large
underestimation of vegetation temperature against air temperature for some sites. In general, there are
still some disagreements between two datasets and the scatter points do not exactly obey the 1:1 line.
The fact can be partly explained by following reasons:

(1) The spatial representiveness difference. As mentioned above, the spatial resolution is about
5 km in the study area, thus the spatial representativeness difference between the estimated pixel
vegetation temperature and the air temperature measurement at a single site will cause the inconsistence.
Meanwhile, as indicated by Czajkowski et al. [58], the canopy-air temperature equality hypothesis is
valid due to heterogeneity and shade effects at the satellite pixel scale. However, for MSG-SEVIRI
pixel, these effects are not obvious especially for the pixels in the middle and southern part of the study
area with extreme low vegetation cover. Under these conditions, the vegetation should have a high
value and might deviate more from air temperature.

(2) The difference between air temperature and vegetation temperature. As pointed out by Jia et al. [38],
it is not surprising to observe some differences between them in the real world. The partitioning of
energy between the heat dissipation processes of a leaf, transpiration and convection, depends on
environmental factors, including the radiation impinging upon a leaf and the moisture content,
movement, and temperature of the air. Many environmental factors, such as radiation, convection, and
transpiration, affect the vegetation temperature. The temperature difference between the leaf and the
air is related to the sign and magnitude of heat exchange by convection. The dependence of stomatal
conductance on temperature and moisture content of the air caused the deviation between air
temperature and vegetation temperature [62].

(3) The small vegetation fraction cover. Vegetation transpiration modifies climatic conditions on
the land surface during the vegetative season. Evaporative cooling caused by transpiration reduces the
maximum vegetation surface temperature by about 15 <C on a hot and dry day [63]. However, for
these atmospheric stations, more than 50% of them have low FVC values (smaller than 30%).
Therefore, the heating process of the soil surface dominates the air temperature increase and the
vegetation surface exerts little influence on the air temperature, which is revealed by the difference
between the air temperature and vegetation temperature. The scatter plot between the air temperature
and vegetation temperature of all eight days under different vegetation cover conditions are shown in
Figure 14. Figure 14a includes all the sites, while Figure 14b only includes the sites whose FVCs are
more than 30%. The RMSE drops greatly from 2.90 K to 2.58 K when the sites with low FVC are
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excluded. The R-squared also has a big improvement from 0.231 to 0.417. In addition, the points are
distributed along the 1:1 line in Figure 14b and the slope is more close to 1, which reflects the better
relationship between air temperature and vegetation temperature. The result reveals that the vegetation
cover cannot effectively prevent air temperature deviating greatly from vegetation temperature in the
low FVC condition.

Figure 13. Scatter plot of the estimated vegetation temperature and in situ observed air
temperature at 9 a.m. on the eight days in June, July and August 2009.
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Figure 14. Scatter plot of the estimated vegetation temperature and site observed air
temperature at 9 a.m. of the eight days, (a) all the sites, (b) the sites with FVC more

than 30%.
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(4) The assumption of only two components. In the algorithm, we assume that land surface is only
composed of soil and vegetation. In fact, it is covered with many different types of elements, especially
for the big spatial pixel of SEVIRI products. Thus, the retrieved soil and vegetation temperature should
be regarded as the apparent temperature, and cannot fully represent the real soil and vegetation
temperature. Meanwhile, as introduced by Li et al. [64], an uncertainty of 1% in the emissivity in the
reference channel (12 um) can result in an error of about 0.5 K in LST. Recent research also showed
the diurnal variation in surface emissivity during non-raining days [52,65,66]. Therefore, the simple
setting of soil and vegetation emissivity in the study also will bring inevitable errors in soil and
vegetation temperature estimation.

(5) FVC estimation error. The uncertainty analysis in Section 4.2 has proved the great impact of
FVC estimation error on the soil and vegetation temperature retrieval. However, the implement of the
algorithm is based on the fact that the FVC functions well, and that the FVVC value controls the ratio of
the soil or vegetation temperature in the whole pixel temperature information. Therefore, in the
component temperature estimation process, the FVC value determines the exact value of the soil and
vegetation component temperatures, and the errors in the estimation of the FVVC influence the accuracy
of the component temperature estimation.

(6) The LST product error. Except for the uncertainty in LST estimation for both SEVIRI and
MODIS products, the cold bias is also one important error source. The assessment study of remotely
sensed land surface temperature by Trigo et al. [51] has found that the both SEVIRI and MODIS tend
to underestimate local measurements, with colder values obtained with MODIS. It agrees with the
results of the study [67] that compare MODIS LST with ground measurements over land. As an
important input in the method, the cold bias of MODIS LST product will influence the values of the
estimated soil and vegetation temperature.
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6. Conclusions

This study presents a practical algorithm for deriving soil and vegetation component temperatures
in the mid-morning period by combining multi-spectral and time series observations from Meteosat
Second Generation (MSG) Spinning Enhanced Visible and Infrared Imager (SEVIRI) and
instantaneous observation from TERRA-MODIS. The synergetic use of SEVIRI and MODIS products
provides a new idea for component temperature estimation by using the spatial and temporal
advantages of both data. In general, this study is a preliminary research. Many assumptions have been
built and many approximations are made to carry out the estimation. The derived soil and vegetation
temperatures will be useful to improve surface energy balance and soil moisture estimation at regional
or continental scale. However, further study is still needed by adding additional information to reduce
the sensitivity of estimation results on vegetation cover accuracy. The emissivity variation and the cold
bias should also been included in future work. A direct validation is also needed to fully evaluate the
estimation results with in situ soil and vegetation temperature measurements.
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