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ABSTRACT

Global navigation satellite system (GNSS) signal delay caused by the troposphere is a significant source of error for precision
positioning. To mitigate this tropospheric delay effect, a precise point positioning (PPP) method estimates the tropospheric
delay with carrier phase ambiguities. With accurately predicted tropospheric delay, this delay effect can be effectively

minimized or the tropospheric delay estimation process can be improved. An artificial intelligence technique, Long Short-
Term Memory (LSTM), was developed to predict the wet tropospheric delay using meteorological observations such as
temperature, pressure, and relative humidity at GNSS monitoring stations. Five years of meteorological observation data

from four GNSS measuring stations in the Korea were used to train the LSTM network model, which predicts one year of
wet tropospheric delays at those stations. The predicted wet delays are compared with the wet delays estimated by the PPP
method, and the forecast accuracy and geographical error differences are discussed.
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Table 1. Input/Output data of LSTM model.
Data type

Parameter
Hour of day - cosine
Hour of day - sine
Day of year- cosine
Input Day of year- sine
Pressure (P)
Temperature (T)
Relative humidity (RH)
Output Tropospheric delay Zenith wet delay (ZWD)
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Fig. 1. The architecture and input/output of LSTM.
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Fig. 2. Location of KASI GNSS monitoring stations used for processing.
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Fig. 3. Meteorological data of DAEJ from 2017 to 2022.

Table 2. Statistics of pressure, temperature, and relative humidity for each KASI ground stations in 2018.

Stati Pressure (hpa) Temperature (°) Relative humidity (%)
o “ylean  STD  Mean  SID  Mean  SID
DAEJ] 1005.9 8.1 12.7 11.8 69.8 21.7
JEJU 969.9 6.0 12.8 8.1 70.2 18.1
SKCH 1013.5 7.5 134 10.0 61.0 224
MLYN 1013.4 7.6 16.8 114 63.0 22.7

Fig. 4. Difference between IGS ZTD and PPP ZTD in DAEJ station from
2017 to 2022.
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Fig. 5. Estimated KASI stations'ZTD and ZHD from 2017 to 2022.
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Fig. 6. Estimated and modeled zenith total delays at DAEJ from 2017 to
2022.

Fig. 7. Searching number of hidden units by Bayesian optimization.
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Table 3. Optimized hyperparameters for the LSTM prediction.

Hyperparameter Value

Optimizer Adam
Epoch 50
Mini batch size 1000
Learning rate 0.005
Learning rate schedule Constant
Num hidden Unit 1 5
Num hidden Unit 2 25

Fig. 8. Train and prediction data period of ZWD at SKCH station from 2017
to 2022.
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Fig.9. ZWD prediction of (@) MLYN on July 2 and (b) DAEJ on November 2, 2022.

Fig. 10. ZWD prediction errors of four KASI stations in (a) July 2022 and (b) November 2022.
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Fig. 11. Each KASlI stations’ prediction results in 2022.

Fig. 12. Each KASlI stations’prediction errors in 2022.

Table 4. Prediction error of ZWD for each KASI stations.

Station Mean(m) STD(m) RMS(m) MAXAE(m) MAE (m)

DAE] -0.000 0.029 0.029 0.164 0.020
JEJU 0.006 0.034 0.034 0.177 0.025
SKCH -0.003 0.030 0.030 0.215 0.020
MLYN 0.008 0.036 0.037 0.156 0.028

Table 4+= 2022 1¥7F KASI T (DAEJ), A5 (JEJU), &2
(SKCH), Y% (MLYN) 47l A1 TE42] ZWD ol & Aattof] thgh
22k BAE vt Aolck. 7 AFA|TE Aol sl oA Satt A
A ZWD 7te] o} H4t, expoll et AL, Wit Alg 2
2} (RMSE), Xt} At} @2} (Maximum Absolute Error, MAXAE),
upx|eto 2 W4 Ao 22} (Mean Absolute Error, MAE)S AF
Z35}19)t}. Fig. 13- KASI AXT&AH ZWD o9& 922 H|n
slo] Bojzr) Ao 2 RMS ©3H= ©F 0,030 m, MAE: oF
0.020 m $=F 22 FA|FH AT} o= Y] 7l KASI AFA| S Aol A]
25 ZWD H9] (0.05 m - 0.5 m)o]l H]al oF 5% ele] 9} 4~
ol NPt B GABSA0| tiste] Hdt @3k 0.010 m

Fig. 13. ZWD prediction error for each KASI stations in 2022.
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3} 4 Qltk (KMA 2025a). A% RMS ©3}= 0,034 m, MAEE=
2 AT 714 WSRO A TS A FollA 71 2
Th FEA|Q FRo] S ot A% 27 G35t 7MY 2
Hi AGEES 7T (KMA 2025¢). 1213k siokAd Uio] o
02 F& MEAo] 3] o} ST exprt At o 2 ZA|
4
ERSo = B35l MAXAES 0177 m& &2 K} 2Re 7hS
it} o ZWD ©xH= Waoko 4] RMS €217} 0.037 mE 7}
Al Yetgton o]z 2193 B0 2 1%t 9 5H 4%
ZWD ®i3} 52 ¢ d|o|e] o] Rafjel I A o2
B Aot fAkeE 7]E =R vt e & Aol 5 =Tt
T 2 =R AHeSE stz ol fARE ZWD HEE 7 &
9] ol & AuE AESIIch MLP2}F LSTMS AHE-SL Lim &
Bae (2021) ¢37-2] 79 LSTM Z=oj| A 0.0262 m 4=Z7}4] RMS
Q312 £9Ic}. BPNNZ} RF RS AF43) Li et al. (2023) 13
©] 72 RF Bdllo] 7.2 RMS 9 X}= 00353 m, BPNN T2l e] 7
© 00365 m RMS ©x}2 2halslgith CNN 2Rl AF&3) Bi et
al. (2024) A= 7] Zdle| what zkz 0.0389 m, 0.0421 me]
RMS 23}2 @Aj5l9d 0 n) CNN-LSTM Z@l 2 of| 23+ Wu et al.
(2024)2] Ao A& 0.0440 me] RMS x5 GASISIc oS
e 7 et ofu=t Y Biet A5} v o] whak 34|
gEiz =), & A Y] A5l -gle oetu|eE A Ls

of A} A& BRI PP 452 Husioch

u

6. 2=

GNSS 41% A|9e] Fa 910l thEF AL 714 Hasl
A wslel 2 ek wow, 53] ZWDE $57]%w e
7ah 2710] whet WAl A o o5 Hskest Basich £
AT A LSTM 714 el & BelS 53] ZWDE o Zslgiond,
5\7ke] F1abES AAE HlolEl S Shdt F 1A%k % A5
& BAslich B A% AES 919 ZWD Hglo 2t PPPE
£} #749 ZTDo} UNB3Im B9l §3) $4 ZHDO) Aol

AbgshgiTt.

A& Az}, T ARE] dlE 25} RMSE] HEL ol F
(2022 7)1 0.049 mE =9k, AL (2022 11D)of = 0.027
mE ozt ol AR ALY 4F oS 27 A /A=
3, 3 FROME 71 M-S Blad F 4TS ofu|gh
o} 2022'd A dlSol A thi T} £29] of| & 9 X} RMS& 2+2t
0.029 m&} 0.030 m, A|F= 0,034 m, WAL 0,037 mE, ¥] 2|4
BT {ARE 04 55 B8l o]2g AiH= LSTM Edlo]
AE E 2 Gef] TAG o] AR A5 FA5HH, GNSS thF

=]

2]
5 A A5l 2] FE 7FseE Ho

4o d
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