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Atmospheric temperature and humidity profile retrievals using a
machine learning algorithm based on satellite-based infrared

hyperspectral observations

Yao Shuhan, Guan Li

(Key Laboratory of Meteorological Disaster, Ministry of Education, Collaborative Innovation Center on Forecast and Evaluation of

Meteorological Disasters, Nanjing University of Information Science & Technology, Nanjing 210044, China)

Abstract: The satellite-based infrared hyperspectral Geostationary Interferometric Infrared Sounder (GIIRS) can
achieve high vertical resolution observations of atmospheric temperature and humidity parameters, which provide
a more accurate initial field for numerical weather forecasting. Based on GIIRS observation radiation, a back
propagation (BP) neural network and deep learning convolutional neural networks (CNNs) are used to retrieve
atmospheric temperature and humidity profiles, and the focus is on the construction of the CNN model and the
optimization of parameters, thus obtaining the network model configuration with the highest retrieval accuracy.
The training samples are divided into three schemes according to different surface types and the influence of
whether there are clouds (scheme 1: no classification, scheme 2: land or ocean surface, scheme 3: clear or clouds)
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and modelling, retrieving and testing. The results show that the two retrieval algorithms both have good retrieval
precision. Relatively speaking, the CNN method has a smaller retrieval bias, root-mean-square error and mean
relative error at all altitudes, and the retrieval precision is higher. The temperature retrieval of the CNN method is
greatly improved in the high level at 10-200 hPa, and the maximum values of the three classification schemes are
1.15 K, 1.06 K, and 1.02 K, respectively, and the humidity retrieval of the CNN method also shows improvement
in the lower troposphere at 500-1000 hPa, and the averages of the three classification schemes are 0.43 g/kg,
0.41 g/kg, and 0.34 g/kg, respectively. The third scheme (clear or clouds) of the BP neural network method has

the best retrieval precision of temperature and water vapour mixing ratio profiles, and the first scheme (no

classification of sample data) of the CNN algorithm has the most accurate retrieval results.

Key words: GIIRS (Geostationary Interferometric Infrared Sounder);
CNN (Convolutional Neural Networks);

profile;  BP neural network;
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Tab.1 Training parameters of BP neural network

Parameter Set value Attributes

Net.trainParam.epochs 10000 Training times

Net.trainParam.goal 0 Training goal
Net.trainParam.Ir 0.01 Learning rate
Net.trainParam.mc 0.95 Momentum factor

Net.trainParam.show 25 Number of intervals displayed

Net.trainParam.min_grad  1x10°  Minimum performance gradient
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Tab.2 Network training reference indicators for

different convolution kernel sizes of conv_1

Convolution Validation = Temperature retrieval ~ Training

kernel size RMSE RMSE/K time
3x1 0.8521 3.4625 12'48"
4x1 0.8329 3.4217 13'14"
5x1 0.8298 3.4137 14'20"
6x1 0.8274 3.3871 15'00"
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Tab.3 Network training reference indicators for

different output feature maps of conv_1

Number of output ~ Validation — Temperature retrieval — Training

feature maps RMSE RMSE/K time
20 0.7916 3.2888 16'14"
30 0.7816 3.2427 22'47"
40 0.7730 3.2245 27'32"
50 0.7595 3.1698 27'55"
60 0.7617 3.1756 35'80"

W2 BN ZRE B2, 28 DI ZRARAL AR % Adam™, 5155
LAk 4 B, Adam BAT 5T 5 09 TSR0 DL SCEAIR
AT R o SCH ONIN 48 A58 5 3 A4 248 e 24500
T AR,

% 4 CNN REISEEMZE
Tab.4 Complete structure of CNN model

Name Type Output Parameter
imageinput Image input 225%1x1
conv_1 Convolution 225x1x50  5x1x1x50
batchnorm 1  Batch normalization ~225%1x50 1x1x50
relu_1 ReLU 225%1x50
avgpool_1 Average pooling ~ 112x1x50
conv_2 Convolution 112x1x100  5x1x50x100
batchnorm 2  Batch normalization 112x1x100 1x1x100
relu 2 ReLU 112x1x100
avgpool 2 Average pooling ~ 56x1x100
conv_3 Convolution 56x1x100  5x1x100x100
batchnorm 3  Batch normalization ~56x1x100 1x1x100
relu 3 ReLU 56x1x100
conv_4 Convolution 56x1x100  5x1x100x100
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Fig.5 Water vapor mixing ratio same as Fig.4
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Fig.6 Error profile of retrieval for temperature. (a)-(c) Three classification schemes, red is the bias, black is the root mean square error, dotted line is the

BP neural network method, and the solid line is the CNN method; (d) Root mean square error profile of the three classification schemes of CNN,

the solid line is the first scheme, the dotted line is the second scheme, and the dashed line is the third scheme
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