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INTRODUCTION

Figure 1. SMOS satellite image Figure 2. SMOS brightness temperature L2 
image covering the Maqu site

● Soil moisture is an essential variable in the 
hydrological cycle and exhibits a strong connection 
to weather and climate change.

● The comprehensive understanding of the physical 
mechanism underlying brightness temperature 
enables more accurate estimation of soil moisture.

● The integration of physical theory into machine 
learning models has the potential to leverage the 
advantages of both methods, but this area hasn’t 
been extensively explored in brightness temperature 
simulation.

METHODS

● This research conducted several experiments on the 
Alpine Meadows at the Maqu site, located in the 
Eastern Tibetan Plateau (33°30′ - 34°15′N, 101°38′ 
- 102°45′E)

● The model predictors include meteorological data, 
soil moisture measurements, soil temperature 
measurements and vegetation parameters. In total 
42 predictors were used for model training.

● The Random Forest regression model (RFR) and 
Support Vector Regression (SVR) model were 
trained to emulate ELBARA-III L-band Brightness 
Temperature.

Figure 3. Flowchart of the research

CONCLUSION

After exploring various predictor combinations, the 
optimal model for predicting horizontal polarization 
incorporates predictors such as day of year (DOY), year, 
longwave radiation, and TBV, resulting in a cross-
validation correlation coefficient (R) of 0.918. In the case 
of vertical polarization, the best combination involves 
surface temperature, TBH, and other predictors, excluding 
longwave radiation, DOY, and year, yielding a cross-
validation R of 0.867.
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RESULTS

1. Generally, the horizontal polarization exhibits 
better performance compared to the vertical 
polarization.

2. The model predictions can capture the general 
trend of variation in observations. However, 
during certain time periods, such as the 
transition season of October and November, 
the model predictions appear smoother and 
can’t fully capture all the fluctuation present 
in the signal. 

3. The soil temperature, soil moisture and 
vegetation parameters exhibit a strong 
correlation with the target brightness 
temperature. Furthermore, soil temperature at 
deeper layers exerts a greater influence on the 
prediction of TB.

4. In order to capture the dynamics of the 
observed processes, the research explored the 
inclusion of TB at vertical (TB_V)  and 
horizontal (TB_H) polarization as additional 
predictors, with the aim of predicting TB at 
horizontal (TB_H) and vertical polarization 
(TB_V), respectively. Notably, there was a 
significant enhancement in  performance after 
incorporating the observed data for model 
training. 

Figure 4. Input predictors in forward simulation model of 
Brightness Temperature

Figure 6. The different combinations of predictors in 
horizontal polarization using year 2016 data for training 
( the same combinations are also used for other years and 
three years cooperation, in total 64 combinations for each 
polarization)

Figure 5. Evaluation metrics of model prediction in 
horizontal polarization

Figure 7. Evaluation metrics of model prediction in vertical 
polarization

Figure 8. Predictions of TB_H in year 2017 using different input 
combinations (for top to bottom: year 2016, year 2018, year 2019 and 
corporation of these three years) with RFR. Green lines present the in-situ 
observations. Red lines show the results with TB_V for training. The blue 
lines show the results without TB_V as input. 

Figure 9. Predictions of TB_H in year 2017 using different input combinations 
(for top to bottom: year 2016, year 2018, year 2019 and corporation of these three 
years) with SVR. Green lines were in-situ observations. Red lines show the model 
predictions. 

Figure 10. Evaluation metrics of model prediction in horizontal polarization

 

● However, despite removing the time stamp (DOY and 
year), replacing longwave radiation with surface 
temperature, and employing separate seasonal models, 
minimal improvements were observed in the model.

● Additionally, SVR can be used to provide predictions, but 
its computation complexity limits its capability to handle 
large volumes of data compared to RFR. The best model 
performance for horizontal polarization is a testing R2 of 
0.869 and a validation R2 of 0.765, while for vertical 
polarization, it is a testing R2 of 0.732 and a validation R2 
of 0.521. Notably, SVR demonstrates the ability to address 
certain anomalies observed in RFR, suggesting its 
potential as a suitable candidate for the emulator.
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