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Abstract: It is more difficult to retrieve land surface temperature (LST) from passive microwave remote sensing data than from thermal 

remote sensing data, because the emissivities in the passive microwave band can change more easily than those in the thermal infrared 

band. Thus, it is very difficult to build a stable relationship. Passive microwave band emissivities are greatly influenced by the soil 

moisture, which varies with time. This makes it difficult to develop a general physical algorithm. This paper proposes a method to utilize 

multiple-satellite, sensors and resolution coupled with a deep dynamic learning neural network to retrieve the land surface temperature 

from images acquired by the Advanced Microwave Scanning Radiometer 2 (AMSR2), a sensor that is similar to the Advanced Micro-

wave Scanning Radiometer Earth Observing System (AMSR-E). The AMSR-E and MODIS sensors are located aboard the Aqua satel-

lite. The MODIS LST product is used as the ground truth data to overcome the difficulties in obtaining large scale land surface tempera-

ture data. The mean and standard deviation of the retrieval error are approximately 1.4° and 1.9° when five frequencies (ten channels, 

10.7, 18.7, 23.8, 36.5, 89 V/H GHz) are used. This method can effectively eliminate the influences of the soil moisture, roughness, at-

mosphere and various other factors. An analysis of the application of this method to the retrieval of land surface temperature from 

AMSR2 data indicates that the method is feasible. The accuracy is approximately 1.8° through a comparison between the retrieval re-

sults with ground measurement data from meteorological stations. 
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1  Introduction 

The extensive requirement of large scale temperature 
information for climate change and agricultural research 
has made the remote sensing of the land surface tem-
perature (LST) an important issue during recent dec-
ades. Passive microwave data and thermal infrared data 
have their own advantages and disadvantages. Thermal 

infrared remote sensing data have a high resolution, but 
they are greatly influenced by clouds. Passive micro-
wave data are affected relatively little by clouds, while 
their resolution is relatively low. Therefore, making full 
use of their respective advantages has become a research 
hotspot.  

  Many algorithms (Price, 1984; Becker and Li, 
1990; Sobrino et al., 1991; Kerr et al., 1992; Coll et al., 
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1994; Prata, 1994; Wan and Dozier, 1996; Gillespie, 
1998; Liang, 2001; Mao et al., 2005, 2007a, 2008, Chen 
et al., 2011; Xia et al., 2014) have been proposed to re-
trieve sea/land surface temperature from thermal data, 
including MODIS, and AVHRR data. The accuracies of 
most such algorithms are very high, but thermal remote 
sensing is influenced greatly by clouds, atmospheric 
water vapor content and rainfall. Over 50% of the area 
in MODIS LST product is influenced by clouds and 
rainfall (Mao et al., 2007b). Microwave remote sensing 
has the advantage in these respects because it can over-
come the shortcomings of thermal remote sensing, such 
as the sensitivity to cloud cover, smoke, and aerosol 
effects. 

Although many studies (Susskind et al., 1984; 
McFarland et al., 1990; Choudhury et al., 1992; Kerr 
and Njoku, 1993; Calvet et al., 1994; Calvet et al., 1996; 
Givri, 1997; Pulliainen et al., 1997; Basist et al., 1998; 
Weng and Grody, 1998; Aires et al., 2001; Morland et 
al., 2001; Dash et al., 2002; Fily et al., 2003; Prigent et 
al., 2003; Mao et al., 2007b; 2007c) have shown that 
passive microwave data could be used to estimate the 
surface temperature without prior knowledge of the 
emissivity, absorption, or scattering for known surface 
conditions, land surface temperature retrieval from pas-
sive microwave has not been widely used in application. 
Most methods used to retrieve the land surface tem-
perature distribution from passive microwave data are 
empirical and local, because passive microwave obser-
vations are sensitive to the soil moisture (Owe et al., 
2001; Njoku et al., 2003), vegetation structure and bio-
mass (Jackson et al., 1982; Paloscia and Pampaloni, 
1988; Jackson and O’Neill, 1990; Jackson and 
Schmugge, 1991; Jackson, 1997; Njoku and Chan, 
2006). However, the radiative mechanisms of snow and 
frozen ground are different from those of bare soil and 
vegetation (McFarland et al., 1990). The biggest diffi-
culty is obtaining large scale ground truth measurements 
of LST that match those in the large scale pixels (gener-
ally exceeding 25 km by 25 km) of passive microwave 
data from the satellite pass to develop and validate the 
algorithm (Mao et al., 2007c). Ground measurements 
are generally point measurements, and thus, utilizing 
multiple sensor instruments and multiple resolution 
characteristics is an important task in remote sensing. In 
most previous studies, the skin temperature was mainly 
obtained from infrared radiometer or meteorological 

measurements (i.e., the air temperature at 1–2 m above 
the ground) (Susskind et al., 1984; McFarland et al., 
1990; Choudhury et al., 1992; Kerr and Njoku, 1993; 
Calvet et al., 1994; Calvet et al., 1996; Givri, 1997; Pul-
liainen et al., 1997; Basist et al., 1998; Weng and Grody, 
1998; Aires et al., 2001; Morland et al., 2001; Dash et 
al., 2002; Fily et al., 2003; Prigent et al., 2003; Mao et 
al., 2007b; 2007c). Sensors such as the AVHRR provide 
a good spatial resolution with a limited sampling time, 
while the TIR sensors on board geostationary weather 
satellites offer adequate sampling but with poorer spatial 
resolutions (Prigent et al., 2003). Some researchers used 
data sets produced by the International Satellite Cloud 
Climatology Project (ISCCP), but their resolution is also 
very low (approximately 30 km by 30 km) (Aires et al., 
2001). Alternatively, the two EOS (Earth Observing 
System) AMSR-E and MODIS sensors are equipped on 
the Aqua satellite. AMSR-E is a passive microwave 
radiometer that observes atmospheric, land, oceanic, and 
cryospheric parameters, including precipitation, sea 
surface temperature, ice concentration, snow water 
equivalent, surface wetness, wind speed, atmospheric 
cloud water, and water vapor content data. The AMSR-E 
Level 2A product (AE_L2A) contains brightness 
temperature (TB) data at 6.9, 10.7, 18.7, 23.8, 36.5, and 
89.0 GHz that are resampled to be spatially consistent, 
and it is available at a variety of resolutions that 
correspond to the footprint sizes of the observations (56, 
38, 24, 21, 12, and 5.4 km, respectively). MODIS has 36 
bands which are designed for retrievals of sea surface 
temperature (SST), land surface temperature (LST) and 
atmospheric properties. The resolution of MODIS 
ranges from 250 m to 1000 m. The two instruments can 
complement one another. The MODIS sensor has a high 
resolution, but it is influenced greatly by clouds. The 
algorithms used to retrieve the land surface temperature 
from MODIS data are mature, and NASA has provided 
land surface temperature products, with accuracies of 
approximately 1 K on clear days (Wan et al., 2002, 
2004). However, the AMSR-E antenna stopped spinning 
in late 2011, and AMSR-E data do not exist after this 
date. Fortunately, a similar sensor, the Advanced 
Microwave Scanning Radiometer 2 (AMSR2) has been 
onboard the GCOM-W1 satellite since 2012. The 
AMSR2 Level 1 product contains brightness tempera-
ture (TB) data at 6.9 GHz, 7.3 GHz, 10.7 GHz, 18.7 
GHz, 23.8 GHz, 36.5 GHz, and 89.0 GHz. The AMSR2 
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GHz. The AMSR2 sensor exhibits a new frequency (7.3 
GHz), while the other frequencies are the same as those 
contained within the AMSR-E sensor, and thus, it pro-
vides a chance to utilize multiple-satellite/sensor/ reso-
lution to retrieve land surface temperature from passive 
microwave data. 

In order to improve estimation accuracy from passive 
microwave data, we first analyze the ill-posed problem 
and potential information characterized by different pa-
rameters, after which we use a deep learning dynamic 
neural network to retrieve LST from AMSR2 data. The 
training and testing data are obtained from MODIS and 
AMSR-E data. The MODIS LST product is used as the 
large scale land surface data to overcome the difficulty 
encountered in obtaining large scale ground truth LST 
measurements that match those at the pixel scale of 
passive microwave AMSR-E data from the satellite 
pass.  

2  Data and Methods 

2.1  Data 
The overall method and routine of this research can be 
described using a flow map as shown in Fig. 1. We ini-
tially analyze the currently employed algorithms, and 

select the deep dynamic learning neural network algo-
rithm proposed by Tzeng et al. (1994) as the base for the 
algorithm. The key to the accuracy of a neural network 
is the method used to obtain the high-precision training 
and testing data. It is very difficult to obtain in situ 
ground truth LST measurements that match those at the 
pixel scale (24 km by 24 km at nadir) of AMSR2 data 
during the satellite pass for the training and testing data 
for the algorithm. Generally, the LST varies from point 
to point, and ground measurements are generally point 
measurements. Therefore, it is difficult to obtain LST 
measurements that match those in the pixels of AMSR2 
data. Additionally, the AMSR2 sensors observe the 
ground at different angles, and thus, it is also difficult to 
precisely locate the pixel of the measured ground in 
AMSR2 data, especially within nighttime images. The 
AMSR2 data share similar characteristics with those of 
Advanced Microwave Scanning Radiometer for EOS 
(AMSR-E). The AMSR-E and MODIS sensors are lo-
cated on the Aqua satellite. MODIS LST products can 
be used as ground truth data to overcome the difficulty 
in obtaining large scale land surface temperature data. 
The AMSR-E bright-temperature data (10.7 V/H, 18.7 
V/H, 23.8 V/H, 36.5 V/H, 89 V/H GHz) and the corre-
sponding MODIS surface temperature data can be used  

       

Fig. 1  Flow map of the retrieval LST from AMSR-E/AMSR2 data  
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as the training and testing data for the dynamic learning 
neural network algorithm. Then, after the neural net-
work is trained, the AMSR2 bright temperature data are 
used as input data to estimate the surface temperature. 

2.2  Microwave radiation transmission theory 
A microwave radiometer measures the thermal emission 
of the ground and its transfer from the ground through 
the atmosphere to the remote sensor on the satellite. 
According to the Rayleigh-Jeans approximation for the 
Planck function, the radiation intensity observed by the 
radiometer can be written simply as expression (1) (Kerr 
and Njoku, 1990). 
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where P represents the horizontal (H) or vertical (V) 
polarization, εp is the emissivity, τ (the equivalent can-
opy optical depth) and ω ( the single scattering albedo) 
are two important parameters that characterize the ab-
sorbing and scattering properties of the vegetation, Ts is 
the land surface temperature, Tc is the average tempera-
ture of the vegetation, Tbp(τ, μ) is brightness temperature 
of the radiation emitted by the canopy at an angle θ, t is 

the transmittance of the atmosphere, aT  is the upwell-

ing average atmosphere temperature, and aT   is the 

downwelling average atmospheric temperature. Centi-
meter wave bands are influenced little by the atmos-
phere, and the transmittance (t) of a microwave is very 
high (approximately equal to 1) even when the water 
vapor content is approximately 5 g/cm2 in the atmos-
phere (Njoku et al., 1999) in low frequency bands. Thus, 
the influence of the atmosphere is very little, and equa-
tion (1) can be simplified into equation (2). 
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     (2) 

Tc is usually assumed to be equal to Ts when the soil 
is covered by vegetation (Njoku et al., 2003; Paloscia 
and Pampaloni, 1988). The parameter τ (the canopy 
opacity) is a function of the vegetation water content 
(w), the view angle (θ), and the constant b (Njoku and 
Li., 1999). 

Based on equations (1) and (2), it is very difficult to 
retrieve the land surface temperature from passive mi-
crowave remote sensing data because a single frequency 

thermal measurement involves at least two unknowns 
(the emissivity and LST), which constitutes a typical 
ill-posed inversion problem. However, the emissivity is 
mainly influenced by dielectric constant which is a 
function of the physical temperature, salinity, water 
content, soil texture and other factors (e.g., vegetation) 
(Dobson et al., 1985; Hallikainen et al., 1985). The soil 
moisture, roughness and land surface temperature vary 
with the weather, and time making the retrieval more 
complicated because different combinations of the soil 
moisture, roughness and land surface temperature can 
provides the same emissivity. 

The geophysical parameters are not independent from 
one another. In our previous research, we did not make 
full use of the relationship between them in land surface 
temperature retrieval methods (Mao et al. 2007a). In 
fact, a relationship between different geophysical pa-
rameters was proved through simulation analysis by 
using AIEM and Qp mode (Shi et al., 2005). A com-
parison of different emissivity simulations by using the 
Qp model and the AIEM indicated that the absolute er-
ror is extremely small with a magnitude of 10–3 (Shi et 
al., 2005). Fily et al. (2003) found that the emissivities 
(ε) in the V and H polarization are linearly related by the 
empirical parameters A and B in dry region at high lati-
tudes. 

v hA B              (3) 

We use the AIEM (Chen et al., 2003; Wu et al., 2001) 
to generate simulation data, and then use a dynamic 
learning neural network (DL) (Tzeng et al., 1994) to 
conduct a retrieval analysis. The retrieval analysis indi-
cates that a neural network can be used to accurately 
retrieve soil moisture and land surface temperature from 
passive microwave data. The mean and the standard 
deviation of the retrieval error are less than 2 K. The 
simulation data from the theoretical model contain some 
limitation in real applications because the data do not 
consider the terrain and the structure of the vegetation. 
Most pixels in AMSR passive microwave data are 
mixed at coarse spatial resolutions (24 km by 24 km). A 
real signal is a more complex than the signal simulated 
using a theoretical model. It is very difficult to simulate 
a hybrid signal at a large scale using the general physi-
cal model. Fortunately, MODIS land surface tempera-
ture products provide data to match the large scale land 
surface measurement data from AMSR-E. Furthermore, 
a neural network with only a single hidden layer con-



 MAO Kebiao et al. Retrieval of Land-surface Temperature from AMSR2 Data Using a Deep Dynamic Learning Neural Network 5 

taining a sufficient number of nodes with a nonlinear 
activation function can approximate any continuous 
scalar function under a given precision in a finite do-
main (Hornik et al., 1989; Blackwell, 2005). Many 
studies have shown that multiple layer network can be 
used for classification purposes (Bischof et al., 1992; 
Herrmann and Khazene, 1992; Tzeng, 1994) and inver-
sion (Chen et al., 1992; Tang et al., 1992; Jin and Lin, 
1997; Aires et al., 2001; Faure et al., 2001; Tedesco et al., 
2004; Blackwell, 2005; Mao et al., 2007a; 2007c, 2008). 
Since neural networks simultaneously possess function 
approximation, classification, optimization computation 
and self-study capabilities, we can utilize a neural net-
work with MODIS LST data to retrieve land surface 
temperature from AMSR-E/AMSR2 data. 

2.3  Analysis of land surface temperature retrieval 
from AMSR2 data using a neural network 
A neural network (NN) may be the best possible choice 
because it does not require the derivation of rules, and 
can combine some classification information with opti-
mization computation. We make the MODIS land sur-
face temperature product match the land surface meas-
urements from the AMSR-E data because the two in-
struments are both located on the Aqua satellite. The 
MODIS/Aqua land surface temperature/emissivity 
5-MIN L2 product (the MOD11_L2 product with LST 
in1 km pixels) provides per-pixel temperature and emis-
sivity values. The temperatures are extracted in kelvin 
using the generalized split-window algorithm (Wan and 
Dozier, 1996). The emissivities are derived from land 
cover database information. On a clear day, the accuracy 
of the land surface temperature product is very high 
(under 1K) (Wan et al., 2002; 2004). An AMSR-E pixel 
includes many MODIS pixels. In practice, the value of a 
pixel in the MODIS product is 0 when it is covered by 
clouds or when there is rainfall in the pixel. Equation (4) 
is used to compute the land surface temperature ob-
tained from the MODIS LST product that matches an 
AMSR-E pixel, where the average value from all of the 
MODIS LST pixels is set as the land surface tempera-
ture in the AMSR-E pixel.  

25
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     (4) 

where MODIS
iT is the land surface temperature from the 

MODIS LST product, TAMSRE is the land surface tem-
perature of AMSR-E, and N is the number of MODIS 
pixels without the influences of either cloud or rainfall 
in the AMSR-E pixel. The acquisition process for the 
training and testing data is shown in Fig. 2. 

To make the retrieval method suitable for cloudy con-
ditions, we set the average values of cloud and rain free 
pixels in the MODIS LST product to the land surface 
temperature matching the AMSR-E pixel when the 
number (N) of MODIS pixels absent the influences of 
either clouds or rainfall is greater than 25. We delete the 
data set that cannot represent the large scale land surface 
data of AMSR-E during the training and testing of the 
neural network. This will overcome the difficulty in ob-
taining the land surface temperature distribution when 
an AMSR-E pixel is influenced by clouds or other fac-
tors (e.g., rainfall). Five regions (Southeast China, West 
China, Northwest China, North China and Northeast 
China) are employed as the data collection regions, for 
the time period spanning January through December of 
both 2005 and 2006. We collect 19 237 data sets cover-
ing most land surface types and range in the tempera-
ture, and divide them randomly into two parts. The total 
number of training data sets is 11 217 sets and the test-
ing data comprises 8020 sets.  

To solve the ill-posed retrieval problem, we select the 
dynamic learning neural network (DL) (Tzeng et al., 
1994), which uses the Kalman filtering algorithm to in-
crease the convergence rate in the learning stage and 
enhance the separation ability for highly nonlinear 
boundary problems. The initial neural network weights 
are set as small random numbers between –1 and 1. The 
Kalman filtering process is a recursive mean square es-
timation procedure. Each updated estimate of the neural 
network weight is computed from the previous estimate 
and the new input data. The weights connected to each 
output node are updated independently. The DL quickly 
achieves the required root mean square (rms) error in 
only a couple of iterations, and the results trained sing 
the NN are very stable. The rms threshold is often set to 
1 × 10–3 with two iteration. The frequency of 6.9 GHz is 
influenced by radio frequency interference (RFI) near 
densely populated areas (Njoku et al., 2005). The 
brightness temperatures of four channels at 10.7, 18.7, 
23.8, 36.5 (V/H) GHz are selected as the eight input 
nodes because they are influenced little by atmospheric 
effects and clouds, and the land surface temperature is  



6 Chinese Geographical Science 2018 Vol. 28 No. 1 

 

 

Fig. 2  Flow chart of acquisition of training and testing data 
 

the only output node of the neural network. After trial 
and error, we set the number of hidden-nodes from 
small to large, and select the smallest retrieval error for 
the testing data. Table 1 presents a part of the analysis 
results. The mean and standard deviation of the retrieval 
error are approximately 2.11° and 2.16° relative to the 
MODIS LST product when the number of hidden layers 
is two and when the number of hidden nodes is 600 in 
each layer in table1 (second column in table). Although 
microwave data are advantageous for the retrieval of 
surface parameters because they are less perturbed by 
cloud cover than thermal data (Givri, 1997), the influ-
ences of the cloud cover and the water vapor content, 
especially precipitation could not be fully eliminated. 
The 23.8 GHz, 36.5 GHz and 89 GHz channels can be 

used to correct for the atmospheric water vapor content 
(McFarland et al., 1990; Givri, 1997; Mao et al. 2007b). 
To improve the retrieval accuracy, we add these high 
frequencies to eliminate the impacts of the atmosphere, 
cloud cover and rainfall. A detail summary of the re-
trieval information is shown in table1 for different com-
binations of channels. The mean and the standard devia-
tion of the retrieval error are approximately 1.4° and 
1.9° relative to the MODIS LST product when five fre-
quencies (ten channels, 10.7, 18.7, 23.8, 36.5, 89 V/H 
GHz) are combined and when the number of hidden 
nodes is 500 in each layer. This method can overcome 
various influences, such as those of the atmosphere, 
cloud cover, rainfall, roughness, terrain and vegetation 
distribution).  
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Table 1  Summary of the retrieval errors when using different combination of channels 

10.7, 18.7, 23.8, 36.5 V/H 10.7, 18.7, 23.8, 36.5, 89.0 V/H 
Hidden nodes 

R SD M (℃) R SD M (℃) 

100-100 0.980 3.32 2.12 0.991 2.81 2.27 

200-200 0.988 2.71 2.2 0.992 2.69 2.18 

300-300 0.980 3.41 2.7 0.993 2.67 1.97 

400-400 0.970 3.62 2.61 0.993 2.65 1.91 

500-500 0.989 2.21 2.12 0.994 1.91 1.39 

600-600 0.989 2.16 2.11 0.979 3.71 1.99 

700-700 0.983 2.81 2.11 0.988 3.32 1.88 

800-800 0.975 3.68 2.33 0.975 3.68 1.94 

Notes: R: correlation coefficient; SD: standard deviation of error; M (℃): mean error relative to MODIS LST 

 

3  Results and Discussion 

To provide an example of the application of the algo-
rithm, we utilize the neural network trained above to 
retrieve the land surface temperature distribution from 
an AMSR2 image (2013-04-13) in the most East-China. 
The retrieval results are shown in Fig. 3. Some pixels 
values are zero in the AMSR2 image because some 
lakes and flooding are present in those pixels. The exis-
tence of these water bodies was subsequently proven 
using a terrain map of China. There is also heavy rain-
fall and snow in some of the pixels. The surface tem-
perature retrieval method for lake/sea surface is very 
different from soil and vegetation surfaces because their 
radiative mechanism are very different, which can help 
identify the lakes in passive microwave pixels. Thus, we 
must construct different retrieval methods or training 
databases for pixels that include large lakes, or com-
pensate using more training data including large lakes in 
the AMSR2 pixels. 

An evaluation of the retrieval algorithm used to ob-
tain the measured LST values that match the pixels in 
the AMSR-E data is not straightforward. Generally, the 
LST varies from point to point on the ground, and 
ground measurements are generally point measure-
ments. Ground LST measurements used in this study are 
obtained from various meteorological stations in China. 
The AMSR2 data resolution is so large that the required 
number of meteorological stations is more than 3 within 
large, mostly uniform regions. Therefore, 38 data sets of 
the land surface temperature are obtained from the me-
teorological stations in the most East-China for 2013. 
We retrieve the land surface temperature distribution 
from the AMSR2 image. A comparison between the re-
trieval results and the ground measurements indicates  

 

Fig. 3  Land surface temperature retrieved from the AMSR2 data 
by using a neural network (NN) (2013.4.13). Blanket area means 
no data. 
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that the average accuracy ( 1
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the neural network algorithm is approximately 1.8°and 
that the standard deviation of the retrieval error is ap-
proximately 1.86° (shown in Fig. 4). The accuracy is not 
very stable when the land surface temperature is lower 
than approximately 0°, and the reason for which is that 
the radiation situation for soil is different when the tem-
perature of soil is less than 0° (Mao et al., 2007b). We 
will acquire more field measurements and conduct 
further comparative analyses in future. 

 

Fig. 4  Comparison between the LST retrieved from AMSR-E 
and ground LST measurement 

4  Conclusions 

On the basis of the radiative transfer equation, we 
briefly analyzed the ill-posed inversion problem in the 
retrieval of the land surface temperature from passive 
microwave data. The emissivity is influenced by the 
dielectric constant which is a function of the water con-
tent, physical temperature, salinity, soil texture and other 
factors (e.g., the structure and types of vegetation). 
These factors can make it very difficult to develop a 
general physical algorithm. An analysis of the relation-
ship between various geophysical parameters indicates 
that the neural network is one of the best options for 
retrieving the land surface temperature, as it does not 
need to know the retrieval rules. The MODIS LST 
product is set as the land surface data, and a neural net-
work is used to retrieve the land surface temperature 
from AMSR-E/AMSR2 data. The analysis indicates that 
the neural network can be used to accurately retrieve 
land surface temperature from AMSR-E/AMSR2 data. 
The mean and the standard deviation of the retrieval  

error are approximately 1.4° and 1.9° relative to the 
MODIS LST product when five frequencies (i.e., ten 
channels) are used. This combination can be employed 
eliminate the impacts of the soil moisture, roughness, 
atmosphere and other influencing factors.  

Finally, we utilized the neural network to retrieve the 
land surface temperature from AMSR2 images over East 
China. An analysis of the retrieval results indicates that 
the distribution of the land surface temperature is rea-
sonable. The accuracy was determined to be approxi-
mately 1.8° through a comparison of the retrieval results 
and ground LST measurement data from meteorological 
stations. We also found that the retrieval error was large 
in some places. The main reason for this is that there are 
some lakes in these pixels, which was proven by a ter-
rain map of China. The surface temperature retrieval 
method for lakes is very different from that for surfaces 
covered by soil and vegetation because their radiative 
mechanisms are very different. One suggestion is that a 
retrieval algorithm should be constructed based on a 
different training database according to the different 
ground types and different climates in different regions, 

especially when the temperature is less than 0℃. More 

consideration for mixed pixels should be made in future 
work. 
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