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Improved GPS clock bias prediction algorithm based on

CNN-BiLSTM-Attention model
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(1. College of Aviation Electronics and Electrical, Civil Aviation Flight University of China,
Guanghan 618307, China;2. Suining Branch, Civil Aviation Flight University of China, Suining
629001, China;3. Key Laboratory of Flight Technology and Flight Safety, CAAC, Guanghan
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Abstract: Aiming at the problem that civil aviation GPS clock error is susceptible to interference and deception
signals, an improved CNN-BiLSTM-Attention prediction model is proposed. The dynamic median absolute
deviation method is used to eliminate the single-difference sequence outliers of the clock error, and the cubic
spline interpolation method is used to repair the data. Based on the key features extracted from the original data,
the anti-interference ability of the CNN-BiLSTM-Attention prediction model with and without interference, as
well as short-term (1 h), medium-term (6 h) and long-term (12 h) were evaluated by ablation experiments. The
results show that compared with ARIMA, the residual prediction deviation of CNN-BiLSTM-Attention prediction
model is increased by 49.2%; compared with the XGBoost model, the mean absolute error is reduced by 53.3%;
compared with the ELM model, root mean square error decreased by 51.2% and R*increased by 34.7%. The model
has high prediction accuracy and stability in complex environments, and can significantly improve the prediction
performance of GPS clock error, which provides a new approach for high-precision GPS anti-jamming positioning.
Keywords: GPS clock bias; GPS positioning; single difference sequence; anti-interference; BiILSTM; ablation
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. ERMSE/(IO"-ns) EMAE/(104<ns) R? Egpp
1h 6h 12h 1h 6h 12h 1h 6h 12h 1h 6h 12h
LSTM 2.843 17.364 22.585 2.260 11.716 17.645 0.983 0.622 0.366 7.738 1.626 1.256
CNN-LSTM 2.618 13.116 17.252 1.985 8.132 9.411 0.986 0.778 0.656 8.379 2.123 1.983
CNN-BIiLSTM 2.426 10.402 11.383 1.884 6.056 7.237 0.987 0.861 0.802 9.149 2.704 2.311
AR SRR 2.179 9.606 10.712 1.672 4.901 6.498 0.990 0.882 0.858 10.217 2913 2.655

A TIAET, FREMEE. X
LSTM #i% | CNN-LSTM #i %l | CNN-BiLSTM #
RS A SO P AR A, A5 RILE 3, 3]
AL, FE 1 h, 6 hA112 h fASa] 50 B0 i, A4
T LSTM #5# , CNN-LSTM B B (1) Epy e 23 B FEAR
8.9%. 20.2%. 31.5%, iXijiBH CNN X} & Z4 551+
WAHMHBVEM . 5 CNN-LSTM B H A 1, CNN-
BiLSTM #5 Bl (1) Epyse 73 51 FE AR 9.1% . 13.0% .

27.2%, X i B BILSTM #5578 X < 101 4 4 (%) d 4
HR /D Ti%2% . 5 CNN-BILSTM #5847 11, 7
SCAE TR E i Attention X B[] 2B 4 E B A AL, X
12 h st [) 5 870 F0300 ) R® 11 E g, 53 011 B2 TF %2 0.805 5
2.154, B9iE T Attention 7F & 7% TP 4514 T 5 fb 4
SRR, TSR S R, R
T4 T B B R 25 T A RS T L RS B R B R
R/ N

R3 BTMEHTHRMIBRER

Tab.3 results of ablation experiment under interfering conditions
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