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A time-frequency feature prediction network for
time-varying radio frequency interference
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1.Aviation University of Air Force, Changchun 130000, China;
2.College of Air and Missile Defense, Air Force Engineering University, Xi’an 710051, China;
3.Air Force Logistics Academy, Xuzhou 221000, China

Abstract; The time-varying radio frequency interference has strong nonlinear dynamic characteristics, which is dif-
ficult to be predicted by linear method effectively, making the anti-interference decision without sufficient informa-
tion support. To solve this problem, a recurrent neural network for spectrum prediction based on time-frequency cor-
relation features is proposed. A sliding window is used to characterize the two-dimensional correlation of time-fre-
quency series, and the spectrum prediction problem is transformed into a problem similar to spatiotemporal
sequence prediction. A gradient bridge structure across time frames is added to reduce the attenuation of the gradi-
ent in the long time and multi-level network propagation. The training efficiency and network performance are im-
proved by the loss function with better matching. Simulation and experimental results verify the validity of the net-

work prediction results.
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