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BDS cycle slip detection and repair method based
on NAR dynamic neural network
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Abstract ; Aiming at the cycle slip problem in the data processing of the Beidou navigation and positioning system ( BDS) , a method for
detecting and repairing cycle slips based on lifting wavelet combined with NAR dynamic neural network is proposed. Firstly, the non-
difference cycle slip test quantity is constructed, and the epoch of cycle slip is detected by the lifting wavelet method. Then, the NAR
dynamic neural network method, the improved BP neural network method and the traditional polynomial fitting method are used to
analyze and compare the effect of different methods on cycle slip repair. Experimental simulation results show that in cycle slip detection,
the lifting wavelet method can effectively detect small cycle slips of more than 0.2 weeks; in cycle slip repair, the NAR neural network
improves the fit of the improved BP neural network by about 40% , and the prediction accuracy is about 50% higher than the improved
BP neural network, and more than 10% higher than the traditional polynomial fitting method. It is more suitable for the detection and
repair of small cycle slips, and further improves the positioning accuracy.
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Fig. 1 Schematic diagram of the occurrence of a cycle slip
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Fig.2 Carrier phase difference model observation
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Fig.3 Schematic diagram of BP neural network
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Fig.5 Experimental data
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Fig.7 Boost wavelet cycle slip detection results

F1 KEHLINNEBRE
Table 1 Randomly add cycle slip value
J¥5/i7t AR N SR A
50 5
100 3
130 0.2
150 1
170 0.5
180 2
F2 FEALEBRAER
Table 2 Random cycle slip detection
J¥5/ Tt JEB /N e SR A PRI
50 5 el
100 3 el
130 0.2 KM
150 1 3
170 0.5 el
180 2 Rl

12 2 WA, haar $&FF/IN B 0T LA RCEEM H 0.2 )8
DL i REAILE B

2) B AE 52 S5

(1) JE kB ik

TR LLES 1 24071 280 D1 R, il it 2 A
12 R BP M 48 FI NAR #HZS 4  XF $45 5 Fil
DUPKS B AResE M 3 Jr T HEAT LA, B IE R [ Oy vk T k&
SRR, SR O ARAR R (A RORG B AL R, 2
WG , BB G BP M 45258 R 35 0 20 ¢ 1, Xt
F NAR HRZE45 2% 5 3w 7 B[R] AS B3 4 et U3
kB 3 B, B2 B BE 35, SR A K 8~ 13
FiR



- 40 - G R - C I T 355
b 2 -
05t x
00F
-0.5f
_10 -
-5
2.0 -5t —-—- S5 124045 RED1
I -6} —— BGEBPZ % ik
25t B
0 2 6 8 10 7010 20 30 40 350 60 70 80 90
/J\&/%ﬁ N RS
8 LT 1 B 10 2t BP MM AR
Fig. 8  Comparison chart of forecast results Fig. 10  Improved BP neural network fitting effect analysis
20( 2r
15F 1)
10+ o i
_1 9
_2 -
_3 L
_4 L
-1.0F —o— “REWAAAVE
-15F -v- et —_— 3 2T
o NARZEHL bl -6f NARSEFHEMAIE
20 1 1 1 L |
0 2 4 6 8 10 -7 _—
JRv— 0 10 20 30 40 50 60 70 80 90

K9 AR LRz}

Fig.9 Comparison of prediction errors of different methods
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Table 4 The first level of detail signal D1 repair situation
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Fig. 14 Comparison chart of lifting wavelet coefficient

before and after repair
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