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Abstract: Based on the strong spatiotemporal characteristics of zenith tropospheric delays (ZTD),
a multi-site ZTD combination prediction model with an improved attention mechanism based on

convolutional neural networks (CNN-ATT) is proposed. The model integrates multiple data

Wi EE . 2023-11-06; 11T H#1.2024-01-17

EL£ A : WE HRBEI A (423740145) ; RETHHILE 380 T 78 17 K i 28 RBHE B R B 5030 2= 1 3 42 (TKL.2024B04)
EEB N FHBEE 979, B, g T AR IF L 3222 A 5 30 15 B0 K] 0 0 i %) A 5T

BISEE B R A965—) T i A A T W, 22 s A K b2 5 S0 | A AT .



86

S5 B

sources, including daily estimation accuracy, day of the year (DOY), and three-dimensional coor-
dinates, for the first time in ZTD prediction tasks. A study is conducted using observation data
from 5 reference stations (CORS) in Nanning and 14 International GNSS Service (IGS) stations,
spanning a total of 1 501 DOY. Traditional back propagation (BP) models, global pressure and
temperature 2wet (GPT2w) models, and ATT models are selected as baseline models for compar-
ative analysis. The prediction results demonstrate that in terms of prediction accuracy, the im-
proved CNN-ATT model outperforms traditional BP neural network models, with a reduction in
mean squared error (MSE) and mean absolute error (MAE) by 5. 5 mm and 4. 4 mm respectively,
leading to an improvement in prediction accuracy by 41.4% and 67.8%. Compared to the ATT
model, the improved CNN-ATT model also shows reductions in MSE and MAE by 4.6 mm and
2.1 mm, respectively, resulting in a 36. 2% and 50. 0% enhancement in prediction accuracy. Re-
garding positional accuracy, the improved CNN-ATT model outperforms the SAAS, GPT2w, BP,
and ATT model. Furthermore, when compared to the traditional SAAS tropospheric model, the
CNN-ATT model achieves noteworthy accuracy improvements in the N, E and U directions, with
enhancements of 18.2%, 12.6% and 31. 0% respectively. Additionally, the research unveils that
the CNN-ATT model exhibits a more stable performance in extended prediction time steps,
making it particularly suitable for multi-station prediction tasks. Moreover, it manifests a faster
convergence rate in precise point positioning (PPP) applications.
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Tab. 1 The geographic location data of CORS

i 1 /) 2/ K5 /m
QITG 22.96 108. 64 68.0
NALU 22.61 108. 63 235.1
NANN 22. 84 108. 32 82.6
NACH 22.45 108. 28 348. 2
JILG 22.92 108. 04 212.8
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Tab.3 Average solution precision results of stations

mm
NNCORS 3 3 34 fift k5 i IGS 3 F- 34 fff 57 K5 B2
AEfy N E U N E U

2009 2.13 1. 89 1. 94 0. 84 0.98 1. 09
2010 1. 98 1. 96 1. 92 0. 94 0.99 1.12
2011 2.06 1. 93 1. 98 0. 87 1. 21 1. 10
2012 2.12 1.83 1. 93 0.92 1.16 1.12
2013 2.08 1.97 1. 87 0. 89 1. 14 1. 15
-5 2.07 1. 92 1. 93 0. 89 1. 10 1.12

R? 0. 66 0. 68 0.62 0.53 0. 54 0. 49
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Tab. 4 Fitting results of three models mm

BP ATT CNN-ATT

Training bias —5.540.2 —3.640.2 —2.7%0.1
Training MAE 11.940. 4 7.440.3 4.84+0.2
Training MSE 9.2+0.3 5.5+0.3 3.7£0.2
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Fig. 7 Results of model fitting accuracy
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Fig. 8 Model prediction accuracy results
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Tab. 5 Prediction results of four models mm

GPT2w BP ATT CNN-ATT
M bias  —0.098 —8.8+0.7 —5.3%0.4 —3.6%0.2
WM MAE 14.9 13.440.7 12.740.3  7.9240.2
T MSE 30. 6 6.5+0.6 4.240.3 2.1+0.1
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Fig. 9 Spatial distribution of model prediction accuracy
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Fig. 10 Model prediction accuracy under

different input length
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Tab. 6 The determination of different ZTD

values for different prediction models
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Tab. 7 The average deviation and standard deviation of positioning under five ZTD prediction models mm
» SAAS GPT2w BP ATT CNN-ATT
o - 225 i 22 T e 22 -1 4 22 T e 2 -4 fis 22 P ift 22 - 25 i 22 T o 22 -1 4 22 Fm o 22
N 7.05 0.23 6. 94 0. 20 6. 30 0.16 5.92 0.11 5.76 0.09
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Tab. 8 Comparison results of model computational complexity

B3] SAAS GPT2w BpL2] ATTL0] CNN-ATT
R 1] 52 44 2 — - O(ndm 1%) O?d) O?d +knd?)
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