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A New Global ZTD Forecast Model Based on
Improved LSTM Neural Network

Lin He , Yibin Yao , Chaoqian Xu , Huan Zhang , Feifei Tang, Changquan Ji, Zhuoya Liu, and Wentan Wu

Abstract—Zenith tropospheric delay (ZTD), consisting of zenith
hydrostatic delay (ZHD) and zenith wet delay (ZWD), is a signif-
icant contributor to errors in precise positioning using the global
navigation satellite system (GNSS) precise point positioning (PPP)
and real-time kinematic techniques. Accurate and timely predic-
tions of ZTD on a global scale are crucial for enhancing GNSS
positioning accuracy and expediting convergence. This study pro-
poses an innovative global tropospheric prediction model that lever-
ages long short-term memory (LSTM) neural networks, aiming to
achieve both high precision and long-term prediction capability for
ZTD. The experimental data utilized were sourced from the Vienna
Mapping Functions 3-Optimized zenith total delay (ZTD) dataset.
This study delves further into the analysis of ZTD residuals by
extracting periodic signals. The ZTD residuals were then utilized
to train a modified LSTM neural network model, enabling the
prediction of global residuals. The final ZTD predictions were
obtained by combining the modified LSTM ZTD residual fore-
cast component with the ZTD periodic component. Our results
demonstrate that the average root-mean-square error (RMSE) of
the modified LSTM-ZTD model in 2020 was 1.44 cm. In addition,
the average RMSE of the forecasted ZTD during spring, summer,
autumn, and winter was found to be 1.43 cm, 1.47 cm, 1.56 cm, and
1.36 cm, respectively. Through the integration of the LSTM neural
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network and the ZTD periodic signal extracted using a physical
algorithm, this work has successfully enhanced the accuracy and
time span of ZTD forecasts on a global scale.

Index Terms—Global navigation satellite system (GNSS), long
short-term memory (LSTM), zenith tropospheric delay.

I. INTRODUCTION

THE troposphere, the atmospheric layer closest to the
Earth’s surface, constitutes approximately 75% of the total

air mass. It plays a crucial role in maintaining the global atmo-
spheric radiation balance, energy balance, and water cycle. In
addition, it serves as a key meteorological parameter for study-
ing global climate change and understanding the mechanisms
behind extreme weather events. As a nondispersive medium,
the troposphere introduces nondispersive refraction when global
navigation satellite system (GNSS) signals pass through it. This
type of refraction remains consistent across signal frequencies,
as supported by studies conducted by Bevis et al. [3], Jin
et al. [18], and Rocken et al. [33]. In the processing of GNSS
positioning data solutions, it is necessary to account for the
tropospheric delay, which occurs as the GNSS signal propagates
through the atmosphere. This delay is accurately mapped in the
zenith direction using a mapping function (MF). The resulting
zenith tropospheric delay (ZTD) is approximately 2.5 m and
exhibits variations in relation to latitude and altitude. Notably,
when the local horizontal altitude angle reaches 10°, the oblique
tropospheric delay can reach up to 20 m. As such, this delay
must be corrected to ensure accurate positioning results. The
ZTD represents a significant source of error in various radio
geodetic techniques, such as GNSS, satellite laser ranging, and
very long baseline interferometry. From a formation perspective,
the ZTD can further be divided into two components: the zenith
hydrostatic delay (ZHD), which depends on air pressure and
temperature, and the zenith wet delay (ZWD), which relies on
water vapor pressure and temperature [13]. Furthermore, the
tropospheric delay is strongly influenced by weather conditions
and exhibits spatial variability across different station locations.
[7], [18]. Hence, a reliable priori zenith tropospheric delay
(ZTD) is crucial for achieving precise GNSS positioning. The
accuracy of the a priori ZTD has a substantial impact on the
quality of GNSS positioning results, particularly in the vertical
direction.

The estimation of tropospheric delay in numerical weather
models (NWM) relies on the direct application of physical algo-
rithms utilizing essential parameters such as air temperature, air
pressure, water vapor pressure, and others. Prominent examples
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of such models include the UNB series models [9], [22], the
EGNOS model [31], the TropGrid ZTD model [20], [38], and
the GPT series model [6], [7], [12], [21]. These models employ
sophisticated algorithms to accurately estimate tropospheric
delay based on the physical characteristics of the atmosphere.

The IGGtrop series model (including GGtrop_ri, IG-
Gtrop_Rh, The IGGtrop_SH) based on a 3-D grid adapted to
the radial and zonal variations, which is more precise than the
model based on latitude (e.g., UNB3, EGNOS, and UNB3m) and
requires fewer parameters, reveals the annual and semiannual
changes in ZTD [24], [25], [26]. The global zenith tropospheric
delay (GZTD) series model is known for its high accuracy,
typically achieving a precision level of approximately 3 cm.
Compared to other models such as the EGNOS and UNB series,
the GZTD model exhibits superior precision in estimating tro-
pospheric delays at various locations worldwide [44], [45]. The
improved tropospheric grid) model conducts a comprehensive
analysis of multiple tropospheric parameters, including annual,
semiannual, and daily variations. This model provides accurate
estimates of temperature, pressure, weighted mean temperature
(TM), and ZWD. Notably, the average root-mean-square error
(RMSE) of this model is determined to be 3.73 cm, indicating
its high precision in characterizing tropospheric conditions [46].
Empirical models for estimating tropospheric delay are typically
developed based on meteorological parameters, average periodic
changes in zenith tropospheric delay (ZTD), and weighted TM
over multiple years. These models are designed to capture the
repeating patterns of these parameters within each period, allow-
ing for their application over extended periods of time. However,
empirical models generally exhibit lower precision compared to
other modeling approaches due to their reliance on historical
data and simplifications of atmospheric processes.

In meteorological parameter models, the ZHD and ZWD
are typically calculated independently. Classical tropospheric
delay models such as Hopfield, Saastamoinen, and Black require
access to precise measurements of meteorological parameters at
the station in order to effectively estimate tropospheric delay.
These models utilize empirically derived relationships between
meteorological parameters and tropospheric delay to provide
accurate estimates of the ZHD and ZWD components [2], [4],
[8], [16], [17], [37]. Nonetheless, numerous studies conducted
by researchers have demonstrated that the ZTD calculated using
meteorological parameters from models, such as Hopfield, Saas-
tamoinen, and others, does not exhibit any significant advantage
over empirical models. In fact, in some cases, the performance
of these physically derived models is even inferior to that
of empirical models. These findings highlight the limitations
and potential shortcomings of relying solely on meteorologi-
cal parameter-based models for accurately estimating ZTD in
various atmospheric conditions.

The GNSS tropospheric delay model utilizes observation data
collected by GNSS receivers for the estimation and modeling
of zenith tropospheric delay (ZTD). In order to calculate ZTD
using GNSS data, it is necessary to first convert the oblique
path delay into the zenith direction via a tropospheric delay
MF. The development of tropospheric delay MF has progressed
significantly over time, resulting in more mature and stable
conversion methods for accurately estimating ZTD from GNSS

data. As a result, the use of GNSS data for ZTD calculation and
modeling has become increasingly reliable and effective.

Herring [15] first established an MF based on the measured
atmosphere by fitting the observational data of ten North Amer-
ican sounding ball stations. The Niell mapping function (NMF)
is based on observation data of radio sounding stations in the
Northern Hemisphere [30]. In NMF, continued fraction coef-
ficients are only related to the latitude, altitude, and day of the
year (DOY) of the station. Many researchers have used NWM to
establish projection functions, such as the IMF [29] and VMF1
[5], [19]. The VMF1 is the most accurate tropospheric MF and
has been used by GAMIT, Bernese, and other high-precision
GNSS data processing software. The LSTM-MF model estab-
lished VTEC product improved the STEC accuracy obtained
from low-elevation-angle conversion [43].

When double-difference precision positioning technology is
used to estimate ZTD in real-time to eliminate the correlation
between the tropospheric parameters of the stations and obtain
a stable and high-precision estimation, GNSS reference stations
beyond 500 km are necessary [34]. Nondifferential precision
positioning technology is also called precise point positioning
(PPP) technology, which can estimate high-precision tropo-
spheric delay for a single station and has more advantages than
double-difference technology in estimating tropospheric delay
[47]. In terms of real-time PPP technology, the earliest real-time
PPP experiments used the real-time orbit and clock products
provided by the Jet Propulsion Laboratory (Pasadena, America),
which have comparable accuracies to the International GNSS
Service (IGS) fast orbit and clock products released with a
postevent delay of approximately 17 h [1], [14]. Although
the ZTD calculation using the GNSS observation data shows
a higher modeling accuracy than the other two types of key
parameters, it is expensive for modeling and data acquisition.

Machine learning has increasingly been used in tropospheric
delay time series regression prediction. Pikridas et al. [32] used
artificial neural networks to predict ZTD; the results of the test
data source conducted at the Euref Permanent Network Anal-
ysis Center demonstrated that the proposed model can achieve
centimeter-level accuracy. Mohammed [28] studied the predic-
tion of temperature, air pressure, and water vapor pressure by the
artificial neural network, their root mean square (RMS) was ap-
proximately 3.0 cm. Suparta and Alhasa [39] established a zenith
path delay estimation and prediction model for the Antarctic
region via the adaptive neuro-fuzzy inference system method.
Zheng et al. [49] improved the ZTD prediction accuracy by
combining the BPNN and Hopfield models, and their accuracy is
approximately 4 mm. Ding et al. [10] employed IGS ZTD data to
study the residuals in the Saastamoinen model; they proposed a
ZTD forecast model based on ground meteorological parameters
and BPNN modeling, and the RMSE was approximately 20.4
mm in Russia. Yang et al. [42] employed the UNB3m model
to calculate the temperature, air pressure, and relative humidity
of a local area and established a “UNB3m+GA-BP” regional
tropospheric delay model based on the BPNN, verified by GNSS
data in Hong Kong; the accuracy is approximately 1.1 cm.
Xiao et al. [40] established a regional ZTD prediction model in
Japan using the BPNN and improved the accuracy in fitting and
forecasting ZTD; the RMS in fitting is 7.83 mm and 8.52 mm in



9608 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

Fig. 1. Flowchart for developing the LSTM-ZTD model combined with ZTD
decomposition and neural network.

forecasting. Zhang et al. [48] established a GNSS meteorological
ZTD forecast model with GNSS stations in western Antarctica
and two blind source separation algorithms, and the forecast
accuracy is 7.2 mm for 6 h. Xu et al. [41] deduced the ZTD
time-series variation trend with polynomial fitting, reconstructed
and modeled the residual error by BPNN and least squares
support vector machine (LSSVM) algorithm, and verified and
compared spatial ZTD prediction based on BPNN and LSSVM
with GNSS ZTD in Hong Kong. Their results demonstrated
that the model accuracy depends on the season. Li et al. [23]
used the National Center for Atmospheric Troposphere data in
Japan and evaluated the accuracy of the troposphere based on the
regional numerical forecast tropospheric delay inversion method
of GRNN; the RMS is 12.7 mm.

The current tropospheric delay forecast models primarily em-
phasize short-term predictions within specific regions. Despite
the rapid development of machine learning techniques, their full
application in the field of geodesy is still in progress. However,
the utilization of machine learning methods for modeling tropo-
spheric delay products holds substantial scientific and practical
value. Furthermore, extending the duration of tropospheric delay
forecasts leads to a decrease in the frequency of ZTD updates,
thereby enhancing convergence speed and positioning accuracy
in PPP. It is crucial to improve the accuracy and timeliness of
ZTD predictions in order to enhance PPP performance. The
inherent spatial heterogeneity and temporal variability of at-
mospheric density, particularly related to water vapor, present
significant challenges in accurately predicting and fitting ZTD.

To address these challenges, we sought to enhance the accu-
racy and duration of ZTD prediction utilizing machine learning
techniques. Building upon previous research, we utilized a GPT2
empirical periodic model to extract periodic signals from the
ZTD time series. We then trained an improved long short-term
memory (LSTM) model on the residual series and extrapolated
backward. Finally, the LSTM model’s forecast residual was
combined with the ZTD periodic signal to construct a global
ZTD forecast model named LSTM-ZTD. The flowchart outlin-
ing the establishment of this model is depicted in Fig. 1.

The rest of the article is organized as follows. Section I
provides an overview of the literature related to the tropospheric

delay. Section II outlines the proposed model and residual
data processing strategy. Section III evaluates the accuracy
of the LSTM-ZTD model. Finally, Section IV concludes the
article. Section V summarizes the findings and provides future
perspectives.

II. DATASET AND METHODS

The global geodetic observing system (GGOS) atmosphere
provides meteorological products, contains ZHD and ZWD, the
correlation coefficient of ray tracing delay, and atmospheric
pressure. This work employed the global 5° × 5° microwave-
range grid points Vienna Mapping Function 3 Operation prod-
ucts (VMF3_OP) version of ZTD time series data, which can
be downloaded from the website (https://vmf.geo.tuwien.ac.at);
the time resolution is 6 h. GGOS atmosphere provides daily
observation data for four observation periods (00, 06, 12, and
18 UT) to estimate ZHD and ZWD at each grid point. These
estimates are then combined to obtain zenith tropospheric delay
(ZTD) predictions. To improve the accuracy of ZTD predictions,
the periodic signal of ZTD was extracted using the GPT2 empir-
ical period model expression and subsequently eliminated. The
resulting residuals were treated as input parameters for training
and extrapolating an LSTM neural network. By combining
the extrapolated residuals with the ZTD periodic signals, the
LSTM-ZTD model generated more accurate ZTD predictions.

The ZTD dataset was partitioned into two distinct sets: the
first set encompassed the time period from 2008 to 2019 and was
utilized for model development, while the second set consisted
of data solely from the year 2020 and served as a means to assess
and validate the accuracy of the model.

A. Filtering the Periodic Signal

To generate empirical periodic ZTD signals that remained
constant within every period, the ZTD datasets spanning from
2008 to 2019 were modeled using formula (2). Subsequently,
the original ZTD sequences were subtracted from the ZTD
periodic signals to obtain the residual ZTD sequences for the
aforementioned time period

t =
DOY
365.25

+
HOD

24
(1)

ZTD (t) = A0 +A1 cos (2πt) +B1 sin (2πt)

+A2 cos (4πt) +B2 sin (4πt) (2)

where DOY is the day of the year, HOD is the hour of the day,A0

is the average ZTD, and (A1, B1) and (A2, B2) are the annual
and semiannual amplitudes, respectively.

Fig. 2 depicts the spatial distribution of four representative
stations randomly selected from the northern, southern, western,
and eastern hemispheres in our experiment. The selection of
IGS stations was random, whereas the GGOS grid had a spatial
resolution of 5° × 5°, with the nearest grid points being chosen
based on their proximity to IGS stations. All subsequent figures
and tables in the following sections will be presented using these
four representative stations.

Fig. 3 illustrates a comparison between the ZTD periodic
signals, original ZTD, and residuals for four randomly selected
grid points from both the Southern and Northern hemispheres.

https://vmf.geo.tuwien.ac.at
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Fig. 2. Global spatial distribution map of representative GGOS (Hollow blue
circles) and IGS (red triangles) stations.

Fig. 3. Comparison of the ZTD periodic signals, original ZTD, and corre-
sponding residuals.

Notably, the ZTD residual signals, obtained through the decom-
position of the physical model described in (2), exhibit con-
siderable magnitudes. These residuals display distinct patterns
that are not readily identifiable using conventional methods.
As a result, our subsequent objective involves training a neural
network to capture these latent patterns by learning the residual
terms associated with tropospheric delay. This endeavor aims
to achieve a precise modeling of tropospheric delay with high
accuracy.

B. Construction of the LSTM-ZTD Forecast Model

In this section, the residuals were utilized as the training
set, and modifications were made to the original LSTM neural
network at various layers to forecast the residuals for each global
grid in 2020. The predicted residuals were then integrated with
the ZTD empirical periodic signals to generate forecast products
using the LSTM-ZTD model. The original ZTD values from
2020 were employed as the validation set to assess the accuracy
of the proposed model.

To mitigate overfitting when applying LSTM, several strate-
gies were designed. One approach involves the utilization of
dropout layers within the LSTM model architecture, which

Fig. 4. Network structure of the LSTM neural network algorithm.

aids in preventing overfitting by randomly deactivating a pro-
portion of neurons during each training iteration. In addition,
we employed early stopping techniques based on validation
performance to help prevent overfitting by halting the training
process once the model’s performance on a separate validation
dataset ceases to improve. In addition, by adjusting the number
of hidden units or layers, the complexity of the LSTM model
can be effectively reduced and overfitting can be avoided.

The application of neural network regression algorithms in
analyzing time series data shows great promise. Deep learning
neural networks, with their multiple nonlinear mapping layers,
effectively extract the features of input signals layer by layer,
thereby uncovering the underlying patterns at deeper levels.
Among these neural network architectures, the LSTM network
has gained widespread adoption in the field of data mining. Its
ability to control information flow through memory cells and
gate control cells enables it to capture long-term dependencies
within time series data by adjusting the weights of the forget
gates [27], [36].

The network architecture of the LSTM-ZTD model is de-
picted in Fig. 4. It comprises several layers, including an input
layer where the input data residual(t) represent the sequence
of residuals acquired by subtracting periodic signals from the
original ZTD. A hidden layer is constructed with three LSTM
layers (LSTM1, LSTM2, and LSTM3 as shown in Fig. 4), along
with three dropout layers (Dropout1, Dropout2, and Dropout3
displayed in Fig. 4). The LSTM neural network is designed to
extract informative features from the historical input data and
connect to a fully connected layer (dense layer). In this layer, yt
denotes the ZTD with filtered gross errors and noise, achieved
through the recursive backward propagation of a sliding window
mechanism facilitated by the dropout layer. The last one is
the output layer; the output result hN is the ZTD residual
predictions.

In the LSTM-ZTD model structure, the LSTM input space
dimension was set to 360. The adaptive moment estimation
algorithm was utilized as the optimizer, and the evaluation indi-
cator for the loss function was the RMS. The activation function
employed was tanh, while the recurrent activation function was
sigmoid. A dropout rate of 0.01 was applied to each LSTM layer.
The batch size used for training was 40, and a total of 10 epochs
were conducted. The hyperparameters were determined through
a tenfold cross-validation process [27]. The model was trained
on the Centos Wuhan University supercomputing system using a
CPU with a clock speed of 2580.175 MHz, 20 cores, and 128 GB
of memory. The training duration on this system was recorded
as 8 h and 42 min.

We performed an evaluation of the testing accuracy between
VMF-ZTD and IGS-ZTD at GGOS stations. The detailed spatial
information of the VMF grid and IGS site can be found in Table I.
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TABLE I
IGS STATIONS AND NEAREST VMF GRID INFORMATION

Fig. 5. ZTD time-series variations comparison of different models.

Furthermore, we conducted comparative experiments using
the Hopfield and Saastamoinen methods. Meteorological pa-
rameters were obtained from the European Centre for Medium-
Range Weather Forecasts Climate Change Service (https://cds.
climate.copernicus.eu/).

The equations for accuracy indicators are listed as follows:

Bias =
1

N

N∑
i = 1

(
ZTDpre

i − ZTDo
i

)
(3)

STD =

√
1

N

∑N

i=1

(
ZTDpre

i − ZTDo
i − Bias

)2
(4)

RMS =

√
1

N

∑N

i=1

(
ZTDpre

i − ZTDo
i

)2
. (5)

Fig. 5 illustrates that the LSTM-ZTD model is consistent
with the VMF-ZTD (original ZTD), further indicating that the
LSTM-ZTD model significantly outperforms than other models.
Table II demonstrates the detailed accuracy information among
the different ZTD models at IGS stations.

Fig. 6. RMS (cm) global distributions of the LSTM-ZTD model.

By associating Fig. 5 and Table II, it is illustrated that the
LSTM-ZTD model is more precise than Hopfield and Saasta-
moinen models. The RMS of IGS-ZTD ranges from approxi-
mately 1 to 3 cm. The accuracy of the LSTM-ZTD model was
significantly superior to the IGS-ZTD model at the BJFS, ALIC,
PRDS, and SPTU stations, respectively.

III. ACCURACY ANALYSIS AND VERIFICATION

We investigated the accuracy and reliability of the LSTM-
ZTD model by analyzing the global distribution of accuracy
and the variation in RMS with respect to seasons, latitude, and
altitude. The average RMS indicator was employed to assess the
accuracy of the ZTD predictions in comparison to the original
values.

A. Global Accuracy Analysis

The numerical accuracy results of the LSTM-ZTD model
exhibited minimal bias, with RMS values of 0.256 cm (min-
imum), 3.076 cm (maximum), and 1.435 cm (average). The
global distribution of RMS is depicted in Fig. 6, revealing
superior accuracy over land compared to oceanic regions. No-
tably, the model demonstrated exceptional accuracy in the South
and North Poles, as well as the Qinghai–Tibet Plateau. The
heightened accuracy observed in Polar Regions can be attributed
to the inactive troposphere, while the superior performance over
the Qinghai–Tibet Plateau is primarily influenced by factors such
as altitude and rainfall.

The statistical analysis reveals varying accuracies in different
regions. Specifically, at the Antarctic, Arctic, and Qinghai–Tibet
Plateau, the accuracies ranged from 0.25 to 0.32 cm, 0.4 to 1.1
cm, and 0.419 to 1.614 cm, respectively. However, at the North
Atlantic, South Atlantic, and North Pacific, the accuracies were
lower, ranging from 2 to 3 cm. Similarly, in the latitude zone
of 37°—42° S, the accuracy was also comparatively poorer,
with an RMS exceeding 2 cm. Notably, the western side of
South America exhibited superior accuracy compared to the
southeast side, with approximate accuracies of 0.9 cm and 2.3
cm, respectively.

The accuracy in the western region of the United States was
superior to that in the eastern region, with approximate values
of 1.5 cm and 2.3 cm, respectively. The North Pacific and North
Atlantic Ocean exhibited the highest RMS values, exceeding
3 cm, while the lowest RMS value of 0.26 cm was observed
in the Antarctic (82.5° S, 92.5° E). Overall, the numerical

https://cds.climate.copernicus.eu/
https://cds.climate.copernicus.eu/
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TABLE II
ACCURACY COMPARISON AMONG DIFFERENT ZTD MODELS (CM)

TABLE III
COMPARISON OF LSTM-ZTD MODEL ACCURACY ACROSS SEASONS

results demonstrate that the LSTM-ZTD model consistently
outperformed in terms of prediction accuracy, thereby validating
the rationale behind the modeling approach.

B. Variation in Accuracy by Season

Numerous studies have been conducted by researchers to
investigate the temporal and spatial distribution characteristics
of GGOS atmosphere’s zenith total delay (ZTD) data. These
studies have revealed that ZTD exhibits annual and semiannual
periodic changes and is correlated with latitude [11], [35]. In
our investigation, we focused on forecasting ZTD values in
different seasons, namely, spring (March–May in the Northern
Hemisphere and September–November in the Southern Hemi-
sphere), summer (June–August in the Northern Hemisphere
and December–February in the Southern Hemisphere), autumn
(September–November in the Southern Hemisphere and March–
May in the Northern Hemisphere), and winter (December–
February in the Northern Hemisphere and June–August in the
Southern Hemisphere). Table III provides details on the global
minimums, maximums, and average RMS values for each sea-
son. The average RMS values were found to be 1.425 cm, 1.467
cm, 1.560 cm, and 1.364 cm for spring, summer, autumn, and
winter, respectively.

Table III illustrated that the accuracies in spring and winter
were superior to summer and autumn. Fig. 7 shows the distribu-
tion of the RMS of the LSTM-ZTD model in spring, summer,
autumn, and winter. In summary, the land area in winter had
significantly outperformed RMS than the other three seasons,
and the accuracies in autumn in the North Pacific and North
Atlantic were worse than those in spring, summer, and winter.

Fig. 7. Global distribution of LSTM-ZTD model accuracy (RMS in cm) in
(a) spring, (b) summer, (c) autumn, and (d) winter.

Fig. 8. ZTD time-series variations in different seasons along latitude.

The accuracy in the Arctic in summer was worse than that in
spring, autumn, and winter. The accuracy in autumn in western
South America is superior to spring, summer, and winter. At
37°–42° S, RMS distributions in spring and winter were smaller
than in summer and autumn. In summer, the accuracy was the
worst in this latitude zone, approximately 2.8–3.7 cm.

C. Variation in Accuracy With Latitude

Fig. 8 illustrates the average RMS variation at the same
latitude, indicating that the LSTM-ZTD model exhibited
symmetrical distributions of RMS values across all seasons in
both the Northern and Southern Hemispheres. In regions with
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TABLE IV
VMF-ZTD AVERAGE RMS AND LSTM-ZTD AVERAGE RMSE WITH POLAR DAYS AND NIGHTS IN THE NORTH AND SOUTH POLAR REGIONS

low latitudes, the RMS value was approximately 1.5 cm. How-
ever, the accuracy gradually decreased beyond the latitude of
22° and then progressively increased toward latitudes above 42°
N and below 42° S. Notably, the model demonstrated superior
performance in regions characterized by a bipolar effect, with
the Antarctic displaying better accuracy compared to the Arctic,
with differences of within 0.5 cm and ranging from 0.5 to 1.3
cm, respectively.

In the midlatitudes, the accuracy was lowest at 42° S. The
RMS values for spring, summer, autumn, and winter were
measured at 2.2 cm, 2.7 cm, 2.5 cm, and 2.1 cm, respectively. In
Antarctica, equatorial areas, and low-latitude regions, the RMSE
exhibited slight fluctuations across the four seasons. Specifically,
the accuracies in spring and winter surpassed those in summer
and autumn within the latitudes of 22° to 62° S and 37° to 62°
N. During summer, the RMS increased along the latitudes from
37° N to the Arctic, reaching a maximum value of 2.3 cm at 47°
N. Conversely, in winter, the RMS values were relatively small,
with a minimum of 0.53 cm observed at 87° N.

D. Accuracy Analysis at Polar Regions and Qinghai–Xizang
Plateau

The Qinghai–Tibet Plateau spans from 26°00’12” to
39°46’50” N in latitude and 73°18’52” to 104°46’59” E in
longitude. Within this region, the test data encompassed 18
grid points, with elevations ranging approximately from 3000
to 5000 m, and an average altitude exceeding 4000 m across
the plateau. The average annual ZTD was measured at 1.787
cm, with maximum and minimum values of 1.913 cm and 1.507
cm, respectively. Moreover, the average RMS was calculated at
0.824 cm, with minimum and maximum values of 0.419 cm and
1.614 cm, respectively. These findings suggest that the proposed
model exhibits superior accuracy in the plateau area.

As the Earth rotates on its inclined axis, polar days and nights
occur at the North and South poles. In Antarctica, polar days
and nights take place in winter and summer, respectively. The
seasonal variations in the Northern Hemisphere are opposite
to those in the Southern Hemisphere. Table IV presents the
average ZTD in the Arctic during summer and autumn, which
was measured at 2.37 cm, with maximum and minimum values
of 2.50 cm and 2.30 cm, respectively. Meanwhile, the average
ZTD in the Arctic during spring and winter was recorded at
2.32 cm, with maximum and minimum values of 2.24 cm and
2.43 cm, respectively. Notably, the ZTD during a polar day was
larger than that during a polar night. The ZTD in Antarctica was

minimally affected by polar day and night, and the accuracy of
the LSTM-ZTD model exhibited a similar trend.

In conclusion, the LSTM-ZTD model exhibited an average
RMS of 1.435 cm in 2020. The average RMS values for spring,
summer, autumn, and winter were recorded at 1.43 cm, 1.47 cm,
1.56 cm, and 1.36 cm, respectively. Notably, the LSTM-ZTD
model demonstrated significantly superior prediction accuracies
in the North and South Poles compared to low and middle
latitudes, and even more so for the Tibetan Plateau. In addition,
the distribution of RMS values was found to be symmetric
between the Northern and Southern Hemispheres.

The relatively stable climatic conditions in the North and
South poles contribute to slight periodic fluctuations in ZTD,
thereby enhancing the prediction accuracy. However, the fore-
cast accuracy for latitudes ranging from 37° to 42° S was poor,
with a bias of approximately 4 cm. This indicates that the LSTM-
ZTD model is unable to fully capture the complex changes
occurring in this latitude range. The limitations may stem from
the intricate topography and dynamic climatic variations in the
area. Further research is necessary to explore the specific reasons
behind these limitations.

IV. CONCLUSION

This study presents the development of a global ZTD forecast
model (LSTM-ZTD model) based on a modified LSTM neural
network. The original dataset used in this study is the tropo-
spheric product VMF3_OP time-series data provided by GGOS.
We utilized the GPT2 empirical periodic model to extract the
periodic signals in the ZTD sequence, which were subsequently
used to filter the residual sequence. A modified LSTM neural
network was then designed to train the residual sequence. Fi-
nally, the residual serial predictions and ZTD periodic signals
were combined to output the ZTD forecast product.

The accuracy of the LSTM-ZTD model was carefully ana-
lyzed and verified, with results indicating an average RMS of
1.435 cm in 2020. The empirical periodic model is capable
of extracting the general trend of true ZTD variations but a
relatively large model deviation was observed. However, the
proposed LSTM-ZTD model can almost completely compensate
for this deviation. Importantly, the input parameters are only the
residuals between the empirical periodic signals and the original
ZTD, which have no relationship with the specific location
(latitude and longitude).

This study trained the residual series of the empirical periodic
model using the LSTM-ZTD model and examined global accu-
racy changes in the predicted products from both time and space
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distributions. The model was also evaluated for seasonal changes
in forecast accuracy. Results show that the ZTD accuracy of
forecasting 12 months in advance performed well and signifi-
cantly improved the forecast accuracy and timeliness of the ZTD.
Overall, the LSTM-ZTD model presented in this study has the
potential to enhance ZTD forecasting capabilities globally.

V. DISCUSSION

In this study, we have developed a ZTD forecasting model by
integrating the decomposition of ZTD signals with LSTM neural
networks. Through this approach, we have identified a distinct
pattern within the residual terms obtained from decomposing the
periodic signals of the atmospheric component, which eludes
recognition by traditional physical models. Leveraging an en-
hanced LSTM neural network, we are able to capture and analyze
this pattern effectively. Our proposed methodology exhibits
significant improvements in global-scale accuracy compared
to prior research, thus successfully overcoming the challenges
associated with global-scale network integration.

Nevertheless, it should be noted that inadequate training
dataset sizes impede the neural network’s ability to learn these
specific patterns, leading to compromised accuracy. In addition,
there is room for enhancing the training time efficiency of our
model. As part of our future work, we will prioritize optimizing
the training time to further enhance the overall performance of
the model.
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