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Table 1 model fitting accuracy and verification accuracy

statistics

Land Use=TURE

Fitting Validation
FEAR G MAE RE R R? RMSE
10 000 0.077 04397 0790  0.6327  0.1047
50 000 0.077 04356  0.792  0.6377  0.1039
87 000 0.077 04296  0.797  0.6394  0.1037
139200  0.076  0.4289  0.799  0.6511  0.1035
174000  0.069  0.3560  0.817  0.6621  0.097 0

Land Use=FALSE

Fitting Validation
A i MAE RE R R? RMSE
10 000 0.078  0.4461 0.781 0.6168  0.106 9
50 000 0.078 04395 078  0.6174  0.106 9
87 000 0.077 04335 0791  0.6215  0.106 3
139200  0.077 04321  0.794 06181  0.1067
174000  0.070  0.3590  0.813  0.6416  0.1001
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Fig.3 Verification of Cubist model prediction SIF and

observation SIF
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Fig.5 Verification of Cubist model prediction SIF and observation SIF in different ecological communities
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Reconstruction of SIF Remote Sensing Data of Vegetation in China
based on Cubist

Shen Jie', Xin Xiaoping',Zhang Jing®,Miao Chen®, Wang Xii',Ding Lei',Shen Beibei'
(1.Institute of Agricultural Resources and Agricultural Regional Planning, Chinese Academy of Agricultural
Sciences, Beijing 100081, China;
2.National Remote Sensing Center of China, Beijing 100036, China)

Abstract: Solar-Induced Chlorophyll Fluorescence (SIF) is the spectral signal (650~800 nm) emitted by
plants in the process of photo—synthesis under sunlight conditions. SIF is more direct than vegetation index and
other parameters. Reflecting the relevant infor-mation of vegetation photosynthesis, it brings a new way for
large-scale Gross Primary Productivity (GPP) estimation. However, the current satellite SIF data may have in-
sufficient resolution or discontinuity in the data space, which is difficult to apply to the estimation of continuous
GPP on a large scale. OCO-2 SIF data has high spatial resolution, but it is spatially discrete data. In response
to the above problems, this paper focuses on the method of con—tinuous prediction of discrete OCO-2 SIF data
to generate a high—precision continuous SIF data set of the China-Mongolia grassland ecosy—stem. The results
are as follows: Through the Cubist regression tree algorithm, combined with MODIS reflectance data, meteo-
rologi—cal data and land use types, a continuous SIF data set with a resolution of 0.05" every 8 days is estab-
lished, and the prediction accuracy is R*= 0.65 and RMSE = 0.114. Among them, the accuracy of crop SIF
prediction is the highest, with R*= 0.71 and RMSE= 0.117; the second is the prediction of forest and grass-
land, with R* and RMSE of 0.64/0.123 and 0.60/0.112 respectively.

Key words: Solar-Induced chlorophyll fluorescence ; Cubist model; Data reconstruction



