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Ionogram automatic scaling based on Deep-learning

ZHU Zhengping, XING Yunhui’
(College of Electronics and Information Engineering, South-Central Minzu University, Wuhan 430074, China)

Abstract lonogram is the conventional data of ionospheric sounding by ionosonde on the ground. The amount of data is
large. Various parameters of the ionosphere need to be scaled one by one to obtain. Traditionally, manual scaling is
required but it is time-consuming, laborious and error-prone. It is imperative to realize computer-assisted manual scaling
potential. Herein a deep-learning method for ionogram automatic scaling (DIAS) is presented, and the method is based on the
U-shaped structure and using the characteristic pyramid with horizontal connection as the connection, using the data of manual
scaling to generate the model sample data, and then randomly select part of the data as the training data input, so that the
predicted value of the model gradually approaches the true value by constantly updating the parameters. The results show that
compared with Automatic Real-Time lonogram Scaling with True-height (ARTIST) , the accuracy and recall rate of DIAS are
improved by 8% and 17% respectively, and the results of DIAS are similar to those of manual scaling. This results shows that
ionograms provided by deep-learning method can be applied to real-time global ionospheric weather nowcasting.
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Tab. 1 Performance comparisons between ARTIST and the DIAS models with different backbones

Model Precision Recall rate D-MCF D-MEH F-score
ARTIST 0.8867 0.7399 3.3544 7.1126 0.8067
DIAS-VGG16 0.9541 0.8584 2.2788 2.5475 0.9037
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Tab. 2 Performance comparisons among the DIAS models with

different backbones using FPN

Recall

Model Precision ¢ D-MCF F-score
rate MEH
Unet-BEEK 0.9795 0.8584 2.0206 2.5475 0.9074

DIAS-VGG16-FPN 0.9622  0.8884 1.9304 2.7789 0.9238
DIAS-ResNet50-FPN  0.9579 0.9046 1.9888 2.9787 0.9305
DIAS-Efficientb5-FPN  0.9707  0.6589 2.0208 4.2562 0.7850
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