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Short-term Prediction of Ionospheric Clutter from High Frequency Surface
Wave Radar Using OARO-GRU
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Abstract: Accurate prediction of ionospheric clutter is of great significance in improving the target detection performance of
high-frequency surface wave radar. This paper proposes a short-term prediction model of ionospheric clutter using the Opposite Arti-
ficial Rabbits Optimization optimized Gated Recurrent Unit (OARO-GRU) network. Firstly, based on the a priori knowledge that
ionospheric clutter received by high-frequency surface wave radar has chaotic characteristics, the input and output sample sets of the
GRU network are constructed using the phase space reconstruction technique. Then, two improvement strategies, namely, the
opposition-based learning and the Cauchy-based mutation, are incorporated to enhance the optimization capability of the original
ARO, which is used to optimizthe GRU network with the values of three hyperparameters including the number of hidden layer
nodes, the initial learning rate, and the maximum number of iterations. Finally, the optimized GRU network is retrained and fed into
the test sample set for testing. The model is evaluated based on the given evaluation metrics. The experimental results show that com-
pared with the other seven comparison forecast models, the proposed OARO-GRU network model has obvious superiority in predic-
tion accuracy and reliability, and provides a new idea and method for effectively improving the target detection performance of high-
frequency surface wave radar.
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Fig.1 Internal structure of GRU network
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Table 1 Comparison of evaluation metrics of different prediction models in 82th range cell
Models I Q
RMSE MAE RMSE MAE R?
OARO-GRU 1.820 9E-05 1.376 2E-05 0.968 4 1.433 0E-05 1.095 1E-05 0.983 7
ARO-GRU 2.277 9E-05 1.748 9E-05 0.950 6 1.922 0E-05 1.471 6E-05 0.970 3
AEO-GRU 2.179 8E-05 1.656 0E-05 0.954 8 1.806 6E-05 1.376 2E-05 0.974 0
SCA-GRU 2.615 5E-05 2.023 0E-05 0.934 7 2.005 5E-05 1.541 8E-05 0.968 0
GRU 4.130 1E-05 3.181 8E-05 0.837 1 4.867 2E-05 3.773 2E-05 0.8119
SVR 5.847 7E-05 4.424 6E-05 0.676 0 5.528 4E-05 4.253 2E-05 0.758 7
ELM 5.890 6E-05 4.466 6E-05 0.671 2 5.785 3E-05 4.452 0E-05 0.735 8
BPNN 5.948 3E-05 4.503 6E-05 0.664 5 5.788 0E-05 4.442 9E-05 0.7354
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Fig. 2 The prediction result curves of different prediction

models on the 82th range cell I channel
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Table 2 Comparison of R” value using different hybrid prediction models on other range cells

OARO-GRU ARO-GRU AEO-GRU SCA-GRO
Range-Cell
I Q I I Q I Q

84 0.966 9 0.980 8 09421 0.960 6 0.949 6 0.965 1 0.9270 0.9532

86 0.965 4 0.977 5 0.9369 0.9523 0.944 5 0.961 4 09186 09514

90 0.965 0 0.975 7 0.9259 0.950 3 0.9375 0.959 6 0.905 5 0.946 9
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