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Fig. 2 Sensitivity study of FY-4A/AGRI channel 2 reflectance to temperature profiles
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Fig. 4 Comparison of the reflectance simulated by RTTOV-DOM and NNFO, which are denoted by ry, and ryy, respectively
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Fig. 5 The observed and NNFO-simulated FY-4A/AGRI channel 2 visible imageries at 10:00, 13:00, and 16:00 BJT
on 15 September 2020
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Abstract: Satellite all-sky visible reflectance contains critical information on cloud and precipitation. Data Assimilation (DA) of these
information has great potential to improve the forecasting skills of numerical weather prediction models. Conventional forward operators for
DA of visible reflectance employ numerical methods to simulate radiative transferring processes and suffer from a high computational
burden. Therefore, conventional forward operators cannot meet the needs of operational DA.

The study constructs a fast, accurate forward operator for DA of visible reflectance data provided by the Advanced Geostationary
Radiation Imager (AGRI) onboard the Fengyun-4A satellite. The forward operator is comparable with conventional forward operators in
terms of accuracy and outperforms the latter in terms of computational efficiency.

A feed-forward neural network is utilized to construct the forward operator. The input parameters of the Neural Network-based Forward
Operator (NNFO) include the cloud water path converted into logarithmic space, mixing ratio of ice cloud water path and total cloud water
path, effective radius of cloud liquid droplets, underlying surface albedo, solar zenith angle, satellite zenith angle, and relative azimuth angle
between the sun and the satellite. Top-of-atmosphere reflectance is the output of NNFO. A series of sensitivity studies is performed to
determine the optimal (or suboptimal) neural network settings, which include 5 hidden layers, 57 nodes in each hidden layer, the Swish
activation function for the hidden layers, and batch size of 512. In addition, the neural network is trained with an adaptive learning rate
depending on the training epoch and the loss for the validation dataset, which is defined by the Root Mean Square Error (RMSE).

NNFO is compared with RTTOV-DOM, a typical forward operator based on the discrete ordinate method for simulating radiative
transfer processes. Results indicate that NNFO is 15 or 6 times faster than RTTOV-DOM is in serial or parallel modes. The mean difference,
RMSE, and mean absolute error of the difference in reflectance simulated by RTTOV-DOM and NNFO (RTTOV-DOM minus NNFO) are
0.001, 0.048, and 0.029, respectively, implying that the simulation accuracies of the two forward operators are comparable. In addition,
NNFO is validated using FY-4A/AGRI one-week reflectance observations. The results reveal that the probability density function of the
simulation errors conforms to a Gaussian function, with a mean bias and standard deviation of —0.016 and 0.052, respectively.

NNFO is comparable with traditional forward operators in terms of accuracy, with a distinguished advantage in computational efficiency.
However, the current version of NNFO only supports ensemble Kalman filter methods (including their variants). For four-dimensional variational
methods, NNFO should be developed by including its adjoint. Moreover, NNFO could be further improved by including aerosol effects. The
improvement of NNFO in the aforementioned aspects and the extension of NNFO to DA applications are ongoing.

Key words: Fengyun-4A satellite, Advanced Geostationary Radiation Imager (AGRI), visible reflectance, RTTOV, data assimilation,
forward operator, neural network, adaptive learning rate
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