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Abstract: Accurate modeling of the zenith tropospheric delay (ZTD) in the troposphere is essential
for high-precision real-time positioning in global navigation satellite system (GNSS). Due to the
short-term variability characteristics of atmospheric water vapor in different regions, empirical
models of tropospheric delay based on meteorological data reanalysis information often show sig-
nificant differences in accuracy in different regions and cannot meet the demand for accurate region-
al ZTD predictions. Deep learning methods excel at learning complex nonlinear patterns and de-

pendencies from time series data. In this study, ZTD data from 178 continuously operating refer-
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ence stations (CORS) in Australia in 2023 are used as the true values. The long short-term memo-
ry encoder (LSTM-Encoder) network is applied to model data in 2023 from the third-generation
global pressure temperature (GPT3) model. The experimental results of the LSTM-Encoder
model are compared with those of the GPT3 model, the European Centre for Medium-Range
Weather Forecasts (ECMWEF) fifth-generation atmospheric reanalysis dataset (ERA5), the artifi-
cial neural network (ANN) model, the generalized regression neural network (GRNN) model and
the LSTM model. The results show that the LSTM-Encoder model achieves an average bias close
to zero, with a root mean square error (RMSE) of 14.4 mm and a mean absolute error of
12. 4 mm. outperforming the GPT3, ERA5, ANN, GRNN and LSTM models. The RMSE is im-
proved by 62.2% ., 12.3% ., 59.9%, 61.0% and 60. 0% , respectively. In addition, the spatial and
temporal characteristics of the LSTM-Encoder model are compared with those of the GPT3 and
ERA5 models, and the performance of different neural network methods at different prediction du-
rations is discussed. The proposed prediction model can be applied to determine the initial values of ZTD
in real-time precise point positioning (PPP) in the future. By introducing the predicted ZTD as virtual ob-
servations in the observation equations, the separation of the ZTD from other estimable parameters can be
facilitated, thus providing theoretical support for high-precision GNSS positioning services.
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Fig. 8 Probability distribution function of the results of

different machine learning models

2.4 LSTM-Encoder R EF il ZTD B % i8] 45 1%

JT 7% LSTM-Encoder £ 8 7E N ZTD J7 I
25 18] _E A, B9 B R i LSTM-Encoder, GPT3 #1
ERAS #5570 7 45 W33k 1) 152 22 437

M3 AT ZTD 8 22 %5 (8] 40 A7 o] LU
GPT3 MR 158 26 73 A B AN 3457 AR 205 B b DX 19 35
*Ei?‘e%ﬁk?qﬂ%ﬁfimli,LTﬁE%mﬂEEf%rﬂmE
o AR AR 5 ), SR L B KR T
ERAS5 # A B AR m 4k 7 ZTD {H, 15%%?9’1&4[![?&
AN E T RRAR 25 O3 A BN A AR A OO R T
BARM AR IR 2. 3T GPT3 $dE . 448 LSTM-



126

S A S R

202545 A

GPT3

ERAS

LSTM-Encoder

P HRIR 22 /mm

{6 X515 2% fmm

#

-10

-4y

9 LSTM Encoder,GPT3 71 ERAS # & KIREH T
Fig. 9 Error distribution of LSTM Encoder, GPT3 and ERAS models

Encoder #1 F 0 J5 o 122 X 388 7 A5 3 o5 A - 349 0 22
107 iR 25 B 7 4 4 % R 22 A A — R b
fiK. IF HAR ZEHE AL T ERAS Y,
2.5 LSTM-Encoder R EF il ZTD #) B i8] 45 14
S}y Br LSTM-Encoder #5 %4 1) i} &) 45 %, LA
BOOL ] 3% 4 91, 2 # T LSTM-Encoder, ERA5 Al
GPT3 #IUFE 2023 4ERY ZTD BUS 1E L, W&l 10 Frzs.,
ME 10 AT LIE H L 7E 2023 4R a], GPT3 1Y
F18) - 350 i 2 138 T AR 158 2 E R 43 B i) N 42 0
AR —E AN 3 . Rl 2 12 H .1 A A
2 HREREFEW R, X FERAWAH T E EH

[ 23 A A KPR RR R A e L A I B TR AN B
M), F 3 ZTD 32 B HIN AR5 2408 2L )
FR 5 ) 5 DT 5 | 76 SF- 347 fi 25 R 35 O AR iR 22 1 T o5
A4 AF 6 AmiRERE R TRERSX 2 A
193 W T 2t R 15 0 A G, B T 51 kS 19 K YRR 2 % B 23
— 0 Z2TD, SEUR 22 K., 5 GPT3 B
Lo ERAS A5 7 1 - 35 g 2 1 1 05 HR 15 22 3¢/ HL TR
Fta . 7E GPT3 %4l ny 2 Al b 51 A LSTM-
Encoder BRI 5, 5F- ¥l 22 F1 ¥ r il iR 215 8 T 1
FREAR [ B i 0 1 g g s ) R o

. .. .
£ ' o S " P
E & ﬂ&- e ok ,,6.‘\’:.' NPT ‘$
B s , ; f':?:""mw?‘%s“'?%é TS
&EZ 3 * ! ol T
& 50 o . ; K
= s . GPT3
” ~100 LSTM-Encoder
_125 - ERAS
2023-01 2023-03 2023-05 2023-07 2023-09 2023-11 2024-01
120 GPT3
g LSTM-Encoder
E100 - ERAS
i 80
oK
2!2 60 ; s
40 e ;w_:-..‘..; .’.:-:f."'.:,.f“;:{x;q
= 20 P A R I o) q,,e,.,,-,f -
0 ; Ll Bt S TANR S T
2023-01 2023-03 2023-05 2023-07 2023-09 2023-11 2024-01
EEO

B 10 BOOL flluf 3 it # 2 fY F51 il 1 s ]
Fig. 10 Scatter plot of the predictions of the three models for BOOL station



5% 3

T LSTM-Encoder [ X 38 %] i /2 4 38 T 0] 455 744 127

2.6 LSTM-Encoder 2 il ZTD 7£ R [F B K By
4 B8

AR SCHFFE I ZTD Fcdi Bl a4 1 hy b T 3F—
H B UE LSTM-Encoder #5 R 76 AS [|] 150 1 K 14 2 B
DA T R 22 R VRN 8 A% , B iiE 1 i A 04 ol o5 93
M43 51 6 h Fl 24 h (VERE . 4 TR AN )
T EAEA R T A R RS R 22 5. 25 R SR FEAS
[F] T A KR, LSTML, ANN A1 GRNN A5 4 iy 35 )
REBR, H 3 PR AT B 25 5. 3K E B AE X
{7 B PR et 225 ) 2% 20 g XfE LA 9 0 4 0 B0 o 30 ik 3
14 52 2 A ORI A L LB 0 AN J2 1T B S S0 538 22
T8, AR RN, HE T LSTM Hl ANN,
GRNN FEA ) 3l A5 i T 152 22 0 g, R A ok g o
RO i A B %) o ek 5 A SRR PR Ih 7 R M T T A
FEARE , ST 1 h 8% 6 h B, 44> A
MR 2 I F 24k, Hdp LSTM-Encoder [11% 22 2 4
HABIAR R —2, T AT M 6 h B 24 h
i, K s T r A AS 0 2 2 2R WK, 4% S B AR 1Y
TR RG B ¥ BN R, SR, B AE K R e,
LSTM-Encoder # AU SK 3¢ 20 1 5 25 ) 0 B 1 L3
Jr A i 22 B AR I AR . B2, JO I A A
DA K s 0 19 3% 552 R . LSTM-Encoder £5 5 4R %
IR L TR 6 T R 6% S 2 s R 2 O 4 T
K2, LM BB AR F % %8 19 LSTM, ANN 1 GRNN
HEAY

x4 TEAFNHKTHARHEMEHFTRIRE

Tab. 4 Mean square error of different neural networks

under various prediction durations mm
A
&

LSTM  ANN  GRNN  LSTM-Encoder

IS FNE] 48.1 48.9 60. 6 18.8

1h f/MAE 24. 8 24. 9 25.7 9.8

8 36. 1 36. 9 36.0 14.4

N 49.3 49.2 60. 9 23.1

6h /E 25.5 25.9 26. 0 7.9

FHME 37.5 37.5 36. 2 14.0

e KA 59.3 58.9 73.9 35. 9

24 h m/ME 29.0 29.5 29. 1 11.2

FHME 44.3 43.9 43.6 20. 1

3 it

AR T — R 454 LSTM-Encoder f) i

B T KRR ZTD AR,
WER R e g5 .

DN T SEI RS B ZTD T, oK 0 3l 4 28 3
iR R AR DL K GPT3 BRI I ZTD 1 Ry ¢ 4
ABEA VS, BRI TR A T LSTM Ak, D3
Al ST ERIE S ZTD W) F 50 i sh & A8 4k, TR
BF L 51 B F B AU RS v 42 BROC B8 RRAE
FEARRAE AL B8 T8 L R A5 FRUZ 6 B A B0 AT RRAE
ZENR T HES 2 )2 Encoder FH , #E— A 19 5 45 71
(R b . R, o X I 2 B 3R A% 22 B T 5
GPT3 f BRI AR 45 1 ZTD VE 2. KB @ M B Y ZTD
U AE .

2) e O K X B8, 33 A3l o5 Xof BT 412 4 A A 781
BEAT B UE . % LSTM-Encoder % # 5 GPT3, ERAS,
GRNN, ANN Fl LSTM #& Y iy 52 56 45 5 #F 17 % 1.
45K, LSTM-Encoder £ (1) 5734 g 25 4236 % ,
Br2 5 i 26 4 12. 4 mm, B IR 220 14.4 mm, 5
GPT3,ERA5,GRNN, ANN Fl LSTM #BIAH Ho, Hi: B
SRHRTE T 62.2%,12. 3% ,59. 9% ,61. 0% F 60. 0%,

3) N T ¥ 3F LSTM-Encoder 5 &Y 75 S [&] T3 ] B}
KRR B4 0247 T 6 h Al 24 h AXT HESE 5.
GESU YT N 1 h B4 AnE) 6 h i, &AL Y
REZAA A, B LSTM-Encoder 3 75 1R 1% 22 24
S H AL — 25, M E AT M 6 h 3 nE] 24 h
B o P A B 000 AN A P ) 38 T TR L 45 RS Y
TOUIAE 3 T R H & LSTM-Encoder 1 ¥53)5
AR ZEREHIAE 20. 1 mm, B A% T H bR 7

AR SCALAEE X ZTD 592 B X s g K A 1500, F — 25
A0 TR B s AE SE I PPP v i I AT R SY . R
K I AIFFE 4G 25 1B RS2 00 DX B, LA S 33 Y
T ZTD W 5 e .

&%k

[1] WANG R, MARUT G, HADAS T, et al. Improving
GNSS meteorology by fusing measurements of several co-
located receivers on the observation level [J]. IEEE
Journal of Selected Topics in Applied Earth Observations
and Remote Sensing, 2024, 17. 7841-7851.

(2] SR, BErde. Ak, . AT ZH PPP-ARHIAR
BIRAK R ERE e A [T, S i 5 &,
2023, 10(6): 93-102.

GUO Qiuying, XUE Xuelong, YU Miao, et al. Per-
formance analysis of atmospheric water vapor detection

based on multi-constellation PPP-AR technology [ ] ] .



128

SAUE (5

202545 A

[3]

[4]

[5]

[6]

[7]

[8]

L9]

(10]

[11]

(12]

[13]

Navigation Positioning and Timing, 2023, 10(6): 93-
102(in Chinese).

LV K, CAIC, CAI'Y, et al. A static precise single-point
positioning method based on carrier phase zero-baseline
self-differencing[J]. Scientific Reports, 2024, 14 (1),
12590.

HUANG L, ZHU G, PENG H, et al. An improved
global grid model for calibrating zenith tropospheric
delay for GNSS applications [ J]. GPS Solutions,
2023, 27(1) . 17.

LI H, WANG X, WU S, et al. An improved model
for detecting heavy precipitation using GNSS-derived
zenith total delay measurements[J]. IEEE Journal of
Selected Topics in Applied Earth Observations and
Remote Sensing, 2021, 14 5392-5405.

R, ERAR, RHEE, GF . BT SRR B E
HARMBWEIE BRI, HEkYE ¥R, 2012, 55
(4): 1129-1136.

LI Li, KUANG Cuilin, ZHU Jianjun, et al. Rain-
storm nowcasting based on GPS real-time precise
point positioning technology[J]. Chinese Journal of
Geophysics, 2012, 55(4); 1129-1136 (in Chinese).
HADAS T, HOBIGER T, HORDYNIEC P. Consi-
dering different recent advancements in GNSS on real-
time zenith troposphere estimates[J]. GPS Solutions,
2020, 24(4): 99.

FENG P, LI F, YAN ],
accuracy of the Saastamoinen model and VMF1/VMFEF3

et al. Assessment of the

mapping functions with respect to ray-tracing from radio-
sonde data in the framework of GNSS meteorology[ ] ].
Remote Sensing, 2020, 12(20) . 3337.

LEANDRO R F, LANGLEY R B, SANTOS M C.
UNB3m _ pack: a neutral atmosphere delay package
for radiometric space techniques[ J]. GPS Solutions,
2008, 12(1): 65-70.

HE L. YAO Y, XU C, et al. A new global ZTD
forecast model based on improved LSTM neural net-
work[J]. TEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing, 2024, 17:
9606-9614.

CHEN B, LIU Z. A comprehensive evaluation and anal-
ysis of the performance of multiple tropospheric models
in China region[ J]. IEEE Transactions on Geoscience
and Remote Sensing, 2015, 54(2) . 663-678.
SAASTAMOINEN J. Contributions to the theory of at-
mospheric refraction [ J]. Bulletin Géodésique (1946-
1975), 1972, 105(1) . 279-298.

LI W, YUAN Y, OU J, et al IGGtrop _ SH and

[14]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

1GGtrop_rH: two improved empirical tropospheric delay
models based on vertical reduction functions[]J]. IEEE
Transactions on Geoscience and Remote Sensing, 2018,
56(9): 5276-5288.

SHAMSHIRI R, MOTAGH M, NAHAVANDCHI
H, et al. Improving tropospheric corrections on large-
scale Sentinel-1 interferograms using a machine learn-
ing approach for integration with GNSS-derived zenith
total delay (ZTD)[J]. Remote Sensing of Environ-
ment, 2020, 239: 111608.

LIS, XU T, JIANG N, et al. Regional zenith tropo-
spheric delay modeling based on least squares support
vector machine using GNSS and ERAS5 data[J]. Re-
mote Sensing, 2021, 13(5): 1004.

YANG F, GUO ], ZHANG C, et al. A regional zenith
tropospheric delay (ZTD) model based on GPT3 and
ANN[J]. Remote Sensing, 2021, 13(5): 838.

FEE, 5fF, Ao, 5% . B e aZm ol
CNN-ATT Xtk Z2TD Figs s )], S 5
B, 2024, 11(3): 85-100.

WEI Liaojun, MO Nuo, REN Xiaobin, et al. A regional
ZTD prediction model based on improved attention mech-
anism CNN-ATT []].
Timing, 2024, 11(3): 85-100(in Chinese).

ZHANG Q, LI F, ZHANG S, et al. Modeling and fore-

Navigation Positioning and

casting the GPS zenith troposphere delay in West Antarc-
tica based on different blind source separation methods
and deep learning[ J]. Sensors., 2020, 20(8): 2343.
CHEN P, MA Y, LIU H, et al. A new global tropo-
spheric delay model considering the spatiotemporal varia-
tion characteristics of ZTD with altitude coefficient[ ] ].
Earth and Space Science, 2020, 7(4): e2019EA000888.
BOHM J, MOLLER G, SCHINDELEGGER M, et al.
Development of an improved empirical model for slant
delays in the troposphere (GPT2w)[]J]. GPS Solutions.,
2015, 19. 433-441.

YAO Y, PENG W, XU C, et al. Enhancing real-time
precise point positioning with zenith troposphere delay
products and the determination of corresponding tropo-
spheric stochastic models[ J]. Geophysical Supplements
to the Monthly Notices of the Royal Astronomical Socie-
ty, 2016, 208(2): 1217-1230.

CUI B, LI P, WANG J, et al. Calibrating receiver-
type-dependent wide-lane uncalibrated phase delay bi-
ases for PPP integer ambiguity resolution[ ] ]. Journal
of Geodesy, 2021, 95(7) . 82.

TAO J, CHEN G, ZHANG G, et al. Real-time re-

gional tropospheric wet delay modeling and augmen-



5% 3

HF LSTM-Encoder B9 X 38X} i J2 ZE iR 7 0 A5 760

129

[24]

[25]

[26]

[27]

tation performance for triple-frequency PPP/PPP-
IAR during typhoon weather[[J]. GPS Solutions,
2024, 28(2): 96.

BISHOP C M. Neural networks for pattern recognition
[M]. Oxford: Oxford University Press, 1995.
SPECHT D F. A general regression neural network
[J]. IEEE Transactions on Neural Networks, 1991,
2(6): 568-576.

GERS F A, SCHRAUDOLPH N N, SCHMIDHU-
BER J. Learning precise timing with LSTM recurrent
networks[ J]. Journal of Machine Learning Research,
2002, 3(Aug): 115-143.

KULSHRESTHA A, CHANG L., STEIN A. Use of
LSTM for sinkhole-related anomaly detection and classi-
fication of InSAR deformation time series[J]. IEEE

Journal of Selected Topics in Applied Earth Observations

and Remote Sensing, 2022, 15: 4559-4570.

(28]

[29]

[30]

[31]

PU K, LIU X, LIU L, et al. Water vapor retrieval u-
sing commercial microwave links based on the LSTM
network[J]. IEEE Journal of Selected Topics in Ap-
plied Earth Observations and Remote Sensing, 2021,
14. 4330-4338.

ZHANG Z, JIANG T, LIU C, et al. An effective
classification method for hyperspectral image with
very high resolution based on encoder-decoder archi-
tecture [ J ] . IEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing,
2020, 14. 1509-15109.

WANG X. SUN S, XIE L, et al. Efficient conformer with
prob-sparse attention mechanism for end-to-end speech
recognition[ J ]. arXiv preprint arXiv: 2106. 09236, 2021.

BLEWITT G, HAMMOND W, KREEMER C. Har-
nessing the GPS data explosion for interdisciplinary

science[ J]. Eos, 2018, 99(2): ¢2020943118.
€ L M)





