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The artificial intelligence (AI) weather forecast foundation models can infer and generate precise global atmo-
spheric state forecasts on the user’s device and with speed over 10,000 times faster than the operational Inte-
grated Forecasting System (IFS), and it is making increasingly significant contributions to geodetic applications
represented by the Global Navigation Satellite System (GNSS). However, existing studies on the investigation of
these AI models are typically carried out by concentrating on specific one or several meteorological events in
certain regions or by comparison with physical models, and the evaluation results obtained in this manner are
not comprehensive and universal. Additionally, we find that the results obtained by the foundation models
through the “rollout” method for forecasting are not uniform in terms of time and space. This temporal and
spatial inhomogeneity of accuracy and accuracy degradation are related to Al algorithms and attributes of
training data, etc., but these characteristics have not been thoroughly explored and analyzed. In this study, we
obtained the global forecast results of foundation models for 2022 and subsequently derived the GNSS tropo-
spheric delay through numerical integration. We calculated the mean deviation, mean absolute error, and root
mean square error of these data. Using these metrics, we analyzed the spatiotemporal inhomogeneity in the
accuracy degradation of foundation models, represented by Huawei Cloud Pangu-Weather, Google DeepMind
GraphCast, and Shanghai Al Lab FengWu. We evaluated how this inhomogeneity changes with forecast time and
identified the best-performing models across different regions and forecast durations. From the results, we find
that taking topography into account when training the model enhances its accuracy at high altitudes, and the
facilitating influence between the high related atmospheric variables such as precipitation and water vapor. The
contributions of this study are twofold: it serves as a valuable reference for geodetic and remote sensing users
employing foundational models, and offers insights and case supports for Al practitioners aiming to develop more
accurate models for weather forecasting.

1. Introduction significant breakthroughs in areas such as computer vision (CV),

multimodal learning, and scientific computing (Puladi et al., 2023; Feng

Over the past two years, the technological revolution driven by
artificial intelligence (AI) has permeated various industries, exerting
profound impacts across numerous sectors globally (Bommasani et al.,
2021; Moor et al., 2023). Leading technology giants such as NVIDIA,
Google, Microsoft and Huawei have actively entered the field, achieving

et al., 2024). Numerical weather prediction (NWP) is one area where
advances in Al technology are especially notable (Bonavita 2024;
Charlton-Perez et al., 2024). Weather forecast foundation models like
FourCastNet, Pangu-Weather and GraphCast, have shown to be able to
execute inference locally on user devices and outperform traditional
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methods over 10,000 times faster (Pathak et al., 2022; Bi et al., 2023;
Lam et al., 2023). These models have achieved forecasting accuracy
comparable to, or even better than, the Integrated Forecasting System
(IFS) and have been integrated into the operational suite of the Euro-
pean Centre for Medium-Range Weather Forecasts (ECMWF), which
now offers these services to the public (Bi et al., 2023; Chen et al.,
2023a). Due to their superior performance, Al-based weather fore-
casting foundation models have garnered significant attention from
scholars in the meteorological community, prompting extensive dis-
cussion, evaluation, and in-depth research (Hsu et al., 2024; Feldmann
et al., 2024a; Yan et al., 2024).

Scholars have extensively evaluated Al foundation models from
diverse perspectives. A study by Feldmann et al. (2024a) shows that the
spatial structure of Al models is smoother compared to IFS and ERA5
(ECMWF Reanalysis v5). In the global seasonal analysis, GraphCast and
Pangu-Weather have the highest performance, which is comparable to
or even exceeds the IFS. Hsu et al (2024) evaluated five foundation
models from synoptic-scale prediction, typhoon predictions as extreme
weather cases, and local rainfalls induced by a typhoon. They concluded
that FengWu is the best performing model, followed by FuXi and
GraphCast, with FCN2 and Pangu-Weather at the bottom of the list.
There are also studies that are pessimistic about AI models, such as
Bonavita (2024), who argues that the three current leading AI models,
Pangu-Weather, FourCastNet, and GraphCast, are not able to properly
reproduce sub-synoptic and mesoscale weather phenomena and lack the
fidelity and physical consistency of physics-based models. Feldmann
et al. (2024b) used the example of tornado outbreaks in the United
States and argued that the spatial structure of the Al model is smoother
compared to the IFS and the reanalysis of the ERAS5, which all exhibit
different biases in their predictions. In addition, there are also some
more neutral views, such as Shu et al. (2024) highlighted the integration
of AI with traditional meteorological techniques as promising to
improve the accuracy of weather forecasts, and they argued that syn-
ergistic effects have made large-scale models (foundation models)
pivotal in the evolving field of weather forecasting. Olivetti and Messori
(2024) showed that data-driven models may already now be a useful
complement to physics-based forecasts in those regions where they
display superior tail performance, but that some challenges still need to
be overcome before widespread operational implementation can take
place.

These studies mentioned above can already give us a relatively clear
picture of AI models. However, most of the aforementioned studies
evaluate specific weather or meteorological events in certain regions.
Furthermore, these evaluations have three main limitations: 1). The
results are often one-sided and lack comprehensive spatial and temporal
coverage, making it difficult to provide a comprehensive and universal
assessment of these models. This is one reason why the performance of
these models varies across different studies. 2). There is a lack of analysis
on how differences in algorithms, the number of pressure levels in
datasets, and the types and quantities of atmospheric variables used by
different models impact their performance. 3). These researches do not
account for the accumulation of errors in multi-step forecasts, nor do
they consider the spatiotemporal inhomogeneity of accuracy degrada-
tion. Given the vast amount of data generated by AI model outputs,
overcoming the aforementioned limitations is not an easy task. Fortu-
nately, tropospheric delays in the field of satellite navigation can show
them in a reduced dimension, thus being able to reflect the overall
performance of these Al models. To comprehensively capture the
spatiotemporal inhomogeneity of AI model accuracy, we designed an
experiment leveraging tropospheric delay data from the Global Navi-
gation Satellite System (GNSS).

In this study, we selected the three most representative Al weather
forecast foundation models and used the ERA5 data for the entire year of
2022 as the initial input. We performed a 60-step (15-day) inference and
then transformed the results into tropospheric zenith delays through
numerical integration. We computed the three metrics of the
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tropospheric delays and their inter-step differences. Finally, we analyzed
the variation of these metrics with forecast time, longitude, latitude, and
height, and discussed the factors leading to the experimental results. We
present the data and methods in Section 2, as well as giving the variation
of Al model accuracy with forecast time. The regions and times when the
different models perform best are given in Section 3, and the spatial and
temporal distribution characteristics are analyzed with respect to the
degree of degradation of the accuracy, and finally conclusions and
perspectives are given in Section 4. Due to space constraints, some
detailed experimental procedures and results are provided in the sup-
plementary information. We recommend reading this article in
conjunction with the supplementary information.

2. Data and methods

In this section, we initially present the AI weather forecasting
foundation models, concentrating on three representative foundation
models employed in this research, namely Pangu-Weather, GraphCast,
and FengWu. Subsequently, we introduce the operation modes of these
foundation models and the methodology for obtaining the tropospheric
delays in the GNSS view as delineated in this research, and a general
flowchart is provided. Finally, we introduce three accuracy metrics and
present the results of these three metrics the inter-step differences of
these metrics along with the variation with forecast time, and analyze
the results.

2.1. Al weather forecast foundation models

Al foundation models exhibit remarkable prowess in handling
extensive volumes of meteorological data and identifying intricate pat-
terns and trends, which has revolutionized the accuracy and timeliness
of weather forecasting. AI models such as FourCastNet (Pathak et al.,
2022), Pangu-Weather (Bi et al., 2023), GraphCast (Lam et al., 2023),
FengWu (Chen et al., 2023a), FuXi (Chen et al., 2023b), ClimaX (Nguyen
et al., 2023), have emerged in the past two years, among which the first
three are already accessible on the ECMWF official website as part of the
ECMWF’s operational suite. On 3 June 2024, the ECMWF also released
preprints of their self-developed Al versions of IFS (AIFS) (Lang et al.,
2024). AIFS products are now obtainable on ECMWEF’s OpenCharts
(https://www.ecmwf.int/en/newsletter/178/news/aifs-new-ecmwf
-forecasting-system). We have compiled the information of these models
within Tables S1 to S3 and Fig. S3 in the supporting information, which
encapsulate the models’ profiles regarding their release dates, affilia-
tions, resolutions, atmospheric variables supported, pressure levels
covered, and so on. The following is a brief description of the three
models utilized in this paper.

Pangu-Weather, developed by Huawei Cloud, is constructed on the
basis of a 3D Earth-Specific Transformer (3DEST), which can effectively
handle complex 3D meteorological data and minimize iteration error (Bi
et al., 2023). GraphCast, put forward by Google DeepMind, is a state-of-
the-art weather forecasting foundation model based on graph neural
networks (GNN) technology. Its “encode-process-decode” modeling
structure demonstrates outstanding performance, surpassing Pangu-
Weather on 99.2 % of its targets (Lam et al., 2023). FengWu, proposed
by the Shanghai Artificial Intelligence Laboratory, is yet another
advanced weather forecast foundation model. FengWu is founded on
multi-modal and multi-task deep learning methods and performs more
favorably than GraphCast in predicting 80 % of the 880 reported pre-
dictands (Chen et al., 2023a). It is important to highlight that GraphCast
incorporates an additional single-level weather variable, total precipi-
tation (TP), distinguishing it from the other two models. Precipitation is
characterized by its discontinuity in both temporal and spatial di-
mensions, rendering it one of the most challenging weather variables to
predict. Moreover, due to known biases in ERA5 precipitation data
(Lavers et al., 2022), GraphCast does not assess the predictive perfor-
mance of total precipitation. However, this does not imply that total
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Fig. 1. A general flowchart for calculating forecasted GNSS tropospheric delay via Al weather forecast foundation model inference. The bold T represents the time,
its subscript is the forecast time length relative to the initial state time, n is the step length, and k is the number of inference steps. In this research, n = 6 h and k =

60 steps.

precipitation is an ineffective variable. Instead, it can enhance the pre-
diction accuracy of other related variables, and we will elaborate on this
in subsequent sections.

We selected Pangu-Weather, GraphCast, and FengWu as represen-
tative models for this research for the following three reasons: (1)
Pangu-Weather is the first artificial intelligence weather forecast foun-
dation model to outperform the traditional numerical forecasting
methods (operational IFS) in terms of medium- and medium-to long-
term weather forecasting accuracy (Bi et al., 2023). The meteorological
and artificial intelligence communities have been quite interested in it
since it was published in the journal Nature. (2) GraphCast and FengWu
are the only two models that currently support the full 37-layer pressure
level NWM data input (see Fig. S3 in the supplementary information).
Even the latest release of AIFS from ECMWF only supports 13 layers of
pressure level, and the sparse pressure level layers will introduce sys-
tematic errors in the interpolation calculation of the GNSS tropospheric
delay (Ding et al., 2024a; Ding et al., 2024b). (3) These three models
have common data structures and commonly supported pressure levels
and all support the computation of tropospheric delays, but use their
unique Al algorithmic structure. Note that this research uses data from
2022 as the initial input for the AI models, which are not used in model
training and hyperparameter tuning (Bi et al., 2023; Lam et al., 2023;
Chen et al., 2023a). Such an experimental setup ensures a fair and ac-
curate assessment of the models’ performance and avoids the risk of
overfitting and data leakage.

2.2. The operation mode of foundation models and the data processing
flow in this research

The AI weather forecast foundation models use “rollout” mode to
perform multi-step inference. This means that, with the exception of the
first step, which calls for an external initial state of Earth’s weather, the
input for each subsequent step of inference is the result of the step before
it, as indicated by equation (1):

{XS@ i = MOdel(XStep i1 )

i=1,23.. 1
L, = Model(yy )1~ 12 )

Additionally, there are Al weather forecast foundation models like
GraphCast and FengWu whose inputs require the Earth’s weather state

at two neighboring epochs. The inference mode of such models is shown
in equation (2):

Xstep ; :MOdCI(LYstep =1 Xstep i_z]) i—1923 )
{Xstele :MOdel(WStepi’xsiepi—l])’l P ( )

where y is the Earth’s weather state and *Model’ refers to the foundation
model, in this paper it is Pangu-Weather, GraphCast or FengWu. More-
over, i is an integer between 1 and 60 in the experiments in this study.
This means that a 15-day forecast, or a 60-step inference, is carried out
with a step length of 6 h. We selected the 6 h step length for the
experiment because, apart from Pangu-Weather, all other models only
support 6 h interval (see Table S2).

Fig. 1 shows a general flowchart for calculating forecasted GNSS
tropospheric delay via Al weather forecast foundation model inference,
taking a single epoch input mode of Eq. (1) as an example. The experi-
mental data presented in this work, specifically the predicted tropo-
spheric delays, were derived from the computations illustrated in Fig. 1.
The method of calculation of zenith hydrostatic delay (ZHD) and zenith
wet delay (ZWD) are given in the supporting information (see Eq. S1-S3
in the supplementary information, note that an equation or figure
number with the letter S means it is in the supporting information.), and
a more detailed description is also available from Hofmeister, (2016).
We employ ERAS as the initial Earth’s atmospheric state input in the Al
model inference, and the assessment is likewise based on the ERA5 re-
sults (on the global grids). Additionally, we have chosen to use the
Nevada Geodetic Laboratory’s (NGL) GNSS tropospheric delay product
as a reference (on the GNSS site). Due to their similar accuracy to that of
the International GNSS Service (IGS), tropospheric products from the
NGL provide a reliable reference for evaluating general tropospheric
models (Ding and Chen, 2020; Ding et al., 2023).

2.3. Accuracy degradation in foundation models

To evaluate the accuracy of the tropospheric delays estimated using
the above-described methods, we employ three metrics: mean bias
(BIAS), mean absolute error (MAE), and root-mean-square error (RMSE)
(see Eq. S4). RMSE is more sensitive to outliers than MAE. A much larger
RMSE compared to MAE indicates the presence of more extreme values,
whereas similar values for both metrics suggest a relatively smooth
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Fig. 2. Variation of BIAS, MAE and RMSE and their inter-step differences with increasing forecast time for ZHD (upper panels), ZWD (middle panels), and ZTD
(lower panels). The values of texted in the figure are the results that exceed the y-axis display range.

result. Note that in the study of AI foundation models, more attention is
paid to the performance of the algorithms used in the models them-
selves, whereas the measurement field is more concerned with how well
the predictions themselves fit the reference values, and thus the evalu-
ation metrics are calculated slightly differently, as detailed in section
“Evaluation metrics” of supporting information. In addition, we calcu-
lated the inter-step differences of these three-evaluation metrics, i.e., the
single differences of the metrics between neighboring forecast steps (For

example RMSEgep o1 minus RMSEep 1), which were used to assess the
degradation of the accuracy of the model over multi-step inference. The
three inter-step differences are represented by dpjas, dvar and drwusk,
respectively. The reason we added these three metrics is that, in the
“rollout” inference mode of foundation models, the input data does not
need to include time labels, and the AI model itself is not aware of which
step the current prediction is at during its operation. Therefore, the
variation in step-to-step difference is crucial information. Furthermore,



J. Ding et al.

Table 1

International Journal of Applied Earth Observation and Geoinformation 139 (2025) 104473

The step-by-step differences in the average bias (BIAS), mean absolute error (MAE), and root mean square error (RMSE) of ZHD, ZWD, and ZTD calculated using the
foundation models Pangu-Weather, GraphCast, and FengWu, when predicting first step (r;), and averaged over multiple steps (v, ,, step 2 to step n, n= 60).

dsias (mm) dmae (mm) drmse (mm)

Foundation models S — S

Z KXo X Ko 4 Koo
Pangu-Weather -2.141 0.005 2.18 0.18 2.31 0.23
ZHD GraphCast -0.006 -0.029 0.36 0.20 0.46 0.25
FengWu -0.001 -0.013 0.33 0.17 0.42 0.21
Pangu-Weather -3.725 -0.074 5.90 0.54 7.43 0.70
ZWD  GraphCast 0.096 -0.030 1.70 0.55 2.21 0.71
FengWu 0.089 -0.004 1.84 0.48 2.41 0.61
Pangu-Weather -7.120 0.001 11.00 0.489 13.89 0.63
ZTD  GraphCast -2.155 0.019 8.28 0.486 10.83 0.62
FengWu -2.115 -0.043 8.30 0.426 10.87 0.54

*The worst accuracy is marked in red, and the highest accuracy is marked in blue.

B ( mm/hour)

ZHD
€ (mm)

o (mm)

Fig. 3. Global distribution of linear fit coefficients (slope f and intercept ¢) and root mean square error of fitted residuals ¢ for drumse of ZHD phase 1, using ERAS

results as a reference.

this single difference method can somewhat mitigate the systematic
error caused by Pangu-Weather’s 13 layers of pressure level, making it
more equitable in the follow-up comparisons with Pangu-Weather.

Fig. 2 shows the variation of BIAS, MAE, RMSE, dgpias, dmag and
druvse With increasing forecast time for ZHD, ZWD and ZTD. The ZHD

and ZWD in the figure were carried out with the ERAS as a reference on
global 1°x1° grid points. Additionally, ZTD was carried out on 1142
GNSS stations worldwide, with the GNSS tropospheric delay product
from NGL as a reference. The distribution of these GNSS stations is
depicted in Fig. 9 and they were chosen from over 10,000 sites since only
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Fig. 4. Global distribution of linear fit coefficients (slope $ and intercept ¢) and root mean square error of fitted residuals ¢ for drysg of ZHD phase 2 and ZWD, using

ERADG results as a reference.

their data completeness in 2022 satisfies the requirements of our ex-
periments. Furthermore, the results mentioned above for ZHD and ZWD
of the global distribution are shown in Figs. S7-S18 of the supporting
information. Note that all global statistical results in Fig. 2 are latitude-
weighted (Eq. S4).

From the BIAS in Fig. 2, the BIAS decreases as the forecast time in-
creases, primarily because the BIAS becomes increasingly negative. This
means that in multi-step forecasts, Al’s results are underestimated, and
this underestimation accelerates as the number of forecast steps

increases. From the results of dpjas, the first notable finding is the sig-
nificant daily cycle, especially Pangu-Weather. There are two reasons for
this. Firstly, the accuracy of ERAS5, which is used as a reference value, is
different in different epochs. Secondly, Pangu-Weather utilizes 4 models
with different step sizes and uses a greedy algorithm to minimize error
accumulation. This research uses 6 h and 24 h. Obviously, the errors of
these two step sizes are different, which leads to this periodic phe-
nomenon. We counted the results according to the 00z, 06z, 12z and 18z
epochs respectively (Figs. S4-S6 in the supporting information). It
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should be noted that the error accumulation mentioned in this research
is the sum of the inter-step differences.

From the MAE and RMSE in Fig. 2, it can be observed that their
variations are highly similar, and the MAE result is smaller than the
RMSE result. This can explain the following two. First, the accuracy of
the Al model results exhibits a small numerical range, that is, there are
no or very few particularly large outliers (i.e. the data structure is
relatively smooth). Second, the spatial heterogeneity of the accuracy of
the AI model results does not increase significantly with the increase of
the forecast length. Fig. S7 to S18 of supporting information give the
global results at each forecast time, and it can be noticed that the spatial
differences between the different steps are not significant after more
than 1 day of forecast time, except for the value span. In addition, only
Pangu-Weather showed significant terrain-related performance, with
higher accuracy in high-altitude regions than in low-altitude regions. We
believe this is mainly due to Pangu-Weather incorporating three con-
stant masks, namely the topography mask, land-sea mask, and soil-type
mask, during training. In particular, the terrain data led to the terrain-
height-related accuracy of Pangu-Weather. However, it is also affected
by the model architecture, as this terrain dependence becomes less
significant as the forecast time increases. It is worth noting that this
terrain-related performance is only prominently reflected in the short-
term forecast accuracy of ZHD.

From the dyag and dgrmsg in Fig. 2, ZWD and ZTD exhibit a
descending trend, while ZHD displays an ascending and then falling
trend that peaks on day 7. Oddly enough, however, we inspecting the
ZHD data at each single grid point and could not find the previously
reported phenomenon. This suggests that the amplitude is very modest,
hidden by epoch-to-epoch variations, and only visible in statistical re-
sults like Fig. 2. In summary, the phenomenon that the degree of devi-
ation of BIAS from the reference value is increasing, while the increase

in RMSE is slowing down, can explain the fact that as the forecast time
increases, the overall results of the Al model deviate more from the
actual results, but its spatial inhomogeneity is decreasing (i.e., the
structure is getting smoother). We believe that the reason for the
segmented degradation of this accuracy is that this type of Al model is
typically trained to optimize a weighted mean squared/absolute error
(L2/L1) norm of forecast errors. By generating forecasts closer to the
average of the forecast, imposes constraints on the model inference
process. This constraint was not significant within the first 7 days due to
the relatively small forecast bias. However, as the forecast bias in-
creases, this constraint begins to become prominent.

Another interesting phenomenon is that the step-by-step (inter-step)
differences of the three metrics in the first step are considerably larger
than those in other steps. This is due to that the result at step 0 is 0, and
the step-by-step difference in the first step is corresponding metric itself
(a value minus 0 equals the value itself). We computed this value and the
average value of the remaining steps 2 to 60, and the results are shown
in Table 1. From the results in the table, we can see that Pangu-Weather
consistently exhibits the worst results among all metrics. This is because
Pangu-Weather only supports 13 layers of pressure level at most, and the
sparse data leads to an inherent negative bias (see Fig. 2). The model
with the best forecast results in the first step is FengWu most of the time.
But in the dyag and dgrmsg results of ZWD and ZTD, GraphCast out-
performs FengWu. In the statistics of multi-step prediction results,
FengWu has an absolute advantage. Except for the dgjas of ZHD and
ZTD, the other metrics are the best among the three models. While in the
multi-step forecast results, GraphCast lags behind Pangu-Weather
(which contains only 13 layers) in ZHD and ZWD, while in ZTD,
Pangu-Weather again becomes the worst performer. In summary, when
predicting the first step, GraphCast is outperforms FengWu and out-
performs Pangu-Weather on the variables containing water vapor (i.e.
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ZWD and ZTD), while when predicting multiple steps, FengWu out-
performs Pangu-Weather and outperforms GraphCast. We believe that
there are two possible causes for this phenomenon: first, the total pre-
cipitation (TP), one of distinctive model training variables of GraphCast,
is extremely discontinuous in time and space, particularly in time, it
helps predict water vapor accurately in the short term but has little effect
on medium- or long-term forecasting; second, FengWu’s algorithm is
significantly optimal in terms of accumulation of errors, and Pangu-
Weather is also superior to GraphCast because it considers the effect
of topography. This suggests to some extent that Transformer may sur-
pass graph neural networks (GNN) in terms of weather forecasting
algorithms.

We fit the dgysg linearly using the following equation (3) in light of
the aforementioned phenomenon. The dgrysg of ZHD rises and then falls,
therefore we fit it in two parts: the first lasts for 0-7 days and the second,
for 7-15 days. In the next section, we analyze and discuss the spatial
distribution of the fitting results.

dryvise = ﬂ(e X Nsteps) +é€ 3)
where Ny is the steps of inference, f and e refer to the slope and

intercept of the linear fit, respectively. In addition, we use ¢ to refer to
the standard deviation of the fitting residuals.
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3. Results and discussion

In this section, we conduct a linear fit to the step difference of the
RMSE of the forecast results of the tropospheric delay and examine the
temporal and spatial distribution characteristics of the linear fit pa-
rameters. In addition, the frequency of occurrence of the best perform-
ing model at different locations around the globe at 1-60 forecast steps
are counted and the spatial distribution of this result is analyzed.

BIAS

dBIAS

MSE

dMAE

RMSE

clRMSE
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3.1. Spatiotemporal inhomogeneity of fitting parameters

Figs. 3 to 6 display the global distribution of the linear fitting pa-
rameters, namely slope p, intercept € and standard deviation of the fitted
residuals o. Specifically, Fig. 3 presents the results for the first segment
of the ZHD (increasing with forecast time), Fig. 4 shows the results for
the second segment of the ZHD and the ZWD (decreasing with forecast
time), and Fig. 5 shows the results for the ZTD.

The slopes in Fig. 3 show that all three models are positive in the vast

Fig. 7. The total number of times when the three foundation models, Pangu-Weather, GraphCast and FengWu performed best in 60 steps (times) of prediction using
BIAS, dgjas, MAE, dyag, RMSE, and drmsg of ZHD as metrics, respectively (the bluer the better).
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majority of regions, and have small values at low latitudes and large
values at mid- and high-latitudes. This feature is also shown in the in-
tercepts; however, Pangu-Weather has significantly more regions with
negative intercepts than the other two models. In terms of the standard
deviation of the fitted residuals, there are regions with large values at
high latitudes near Antarctica and in the northeastern part of North
America. There are no significant differences in other regions of the

globe. The above phenomenon indicates that ZHD forecasting is more
difficult in mid- and high-latitude regions than in low-latitude regions.

Fig. 4 can be divided into two parts, ZHD and ZWD. From the results
of ZHD, the regional distribution characteristics are similar to the dif-
ferences of Fig. 3, but the positives and negatives of the values are
opposite to those of Fig. 3. In addition, the magnitude of the values is
slightly larger than the results of Fig. 3, which is due to the fact that the
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forecast time is further away from the initial epoch than the former. In
addition, the case of ¢ starts to show larger values in the northern part of
the Pacific Ocean, in addition to the northeastern waters of North
America. The results for the slope of the ZWD do not show a significant
latitude/longitude correlation, but it is clear that a large area in
Antarctica is very close to a value of 0. The intercepts and standard
deviations of the fitted residuals of the ZWD show significantly higher
values in the mid-latitude ocean than in the other regions, while in
Antarctica, Greenland and the Tibetan Plateau both are close to 0.
Furthermore, the intercepts of the ZWD show positive values, while the
results of the ZHD are both positive and negative.

Fig. 5 shows the results on 1142 GNSS sites around the world, with
RMSEs calculated using the measured GNSS ZTD results as a reference.
As can be seen from the figure, the slopes are mostly negative, but the
GraphCast and FengWu results have small positive values in Alaska in
the US and in the northern region of Canada. The intercept results show
that the stations with large values for all three models are mainly located
in Japan and the southeastern United States. This distribution is also
reflected in the standard deviation of the fitted residuals. The results
closely mirror the ZWD patterns observed in Fig. 4, demonstrating that
GNSS ZTD forecast errors primarily stem from ZWD variations, which is
dominated by the water vapor. The initial forecast errors in these regions
are larger, and the forecast instability is also greater. This is because
these regions are areas where cold and warm air masses frequently
converge, with more precipitation weather and frequent water vapor
activities. Pangu-Weather shows slightly worse performance than
GraphCast and FengWu since it only uses data from 13 pressure levels,
but the difference is not significant. This is because most of the missing
pressure levels are above 50 hPa, where the water vapor is already
extremely thin.
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3.2. Spatiotemporal inhomogeneity at different latitudes and altitudes

Fig. 6 presents the linear fitting parameters of the drysg for ZHD and
ZWD, namely slope f, intercept ¢ and standard deviation of the fitted
residuals o, as functions of longitude, latitude and elevation. Since ZHD
performs a segmented fit, in the figures, the first segment (0-7 days) is
shown as a solid line and the second segment (7-15 days) is shown as a
dashed line.

From the slopes of the ZHD results, it can be observed that the first
and second segments are symmetrically distributed on the zero-value
axis. The results of both segments are not significantly correlated with
longitude, while they are stronger correlation with latitude, being
almost zero in the low latitude region within +20 degrees, and
increasing significantly in the middle and high latitudes. In addition, the
results begin to decrease rapidly in regions with heights greater than
3000 m, and are essentially above and below the value of 0 up to heights
greater than 4000 m. The intercepts are similar to the slopes, but the
slopes are significantly larger in the second segment than in the first
because the fit starts on the seventh day and the slopes are less than zero.
The standard deviation of the fitted residuals can reflect how good the fit
is, and it is clear from the results that 0-7 days is better than 7-15 days.
In addition, Pangu-Weather > GraphCast > FengWu, which indicates
that FengWu has the smoothest error accumulation in multi-step pre-
diction, while GraphCast is second and Pangu-Weather is the least
smoothed.

From the ZWD results, it is clear that the three parameters are not
significantly correlated with longitude. While slope is positively corre-
lated with elevation, intercept and standard deviation are negatively
correlated with elevation. This is because the higher the altitude, the less
water vapor there is, and the thinner the water vapor is, the smaller the
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variation is and the easier it is to predict. More interestingly is the
variation of the three parameters with latitude, the intercept and stan-
dard deviation have a peak at around 40 degrees north and south lati-
tude. And in these two peak regions, it is also the time when the slope is
the smallest. The above phenomenon can somewhat illustrate that the
water vapor changes in the low altitude region of mid-latitude are the
most difficult to predict.

3.3. Best performing models in different regions and different forecast
times

Fig. 2 illustrates that, on average, FengWu outperforms GraphCast
and Pangu-Weather. However, it is important to recognize that their
performance varies across locations and forecast times. Consequently,
we have identified the top-performing models for each specific grid
point at various forecast times. Subsequently, we conducted a statistical
analysis of the tagging data, and the outcomes are depicted in Figs. 7 and
8, which correspond to the ZHD and ZWD results, respectively. For a
forecast horizon of 60 steps across all three models, the figures utilize
color coding to represent the frequency (ranging from 0 to 60 times)
with which the highest performance was achieved at each grid point.

From the ZHD results (Fig. 7), it can be seen that for BIAS, MAE, and
RMSE, FengWu is significantly superior to the other two models in terms
of the number of times it performs optimally in most regions. The re-
gions where its performance is slightly inferior are the low latitude re-
gions of the Pacific Ocean, India and the southern part of India Ocean,
and the Tibetan Plateau region of China. The first two are dominated by

12

GraphCast, while for the Tibetan Plateau region, Pangu-Weather is the
best performer. In addition, it can be observed that starting from the
13th day of the forecast, Pangu-Weather starts to gain the upper hand in
the two regions mentioned above except for the Tibetan Plateau (see
global results of all steps in Figs. S19-530). For dpjas, dmag, and drmsg,
the best model among the three models is still FengWu, which out-
performs GraphCast and Pangu-Weather, but the differences among
regions are much smaller, and FengWu outperforms the other two
models at low latitudes, especially in the regions of South America and
Africa, and also in the eastern region of Indonesia.

Fig. 8 shows the results for ZWD in terms of BIAS, MAE, and RMSE.
FengWu also outperforms the other two models by a large margin in
most regions. However, at low latitudes, FengWu features a large
number of east-west striped areas and performs less well than Graph-
Cast, and in the center of Antarctica, Pangu-Weather, which has hitherto
been the worst performer, performs much better than the other two
models. GraphCast outperforms FengWu in the middle and low latitude
regions at 1 step of prediction, while GraphCast rapidly loses its accu-
racy advantage in the middle and low latitudes as the number of pre-
diction steps increases (Figs. S19-S30). We attribute this to the fact that
the atmospheric variables trained by GraphCast contain TP, which
contributes to water vapor prediction, but the contribution of this var-
iable decreases with increasing prediction steps until it becomes negli-
gible. For dpias, dvag and drmsg, there are no significant regional
differences between the three models. The only significant difference is
that Pangu-Weather performs best in the Antarctica region (significantly
outperforming the other regions), while FengWu performs worst
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(significantly underperforming the other regions).

Fig. 9 and Fig. 10 illustrate how the number of grid points occupied
by the best-performing models as a percentage of all grid points varies
with forecast time. From the BIAS, MAE, and RMSE of ZHD, Pangu-
Weather performs best in almost no region in the 0-2 day forecast. As
the forecast time increases, Pangu-Weather begins to gradually be able
to prevail in about 10 % of the regions. In the other two models, FengWu
consistently outperforms GraphCast, where the number of regions where
GraphCast performs best is decreasing as the forecast length increases. In
terms of dpias, dmag, and drvsg, except for the first 2 steps, the pro-
portion of the three models has been stable for the forecast time after-
wards, with FengWu at ~ 40 % and GraphCast and Pangu-Weather at ~
30 %.
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From the ZWD results of Fig. 10, the BIAS results start to stabilize
after 4 days of forecasting, while the results from dgjas, dvag and drvsg
start to stabilize after 2 days of forecasting. After stabilization, FengWu
is larger than GraphCast and larger than Pangu-Weather, whereas MAE
and RMSE show that Pangu-Weather increases and then decreases,
FengWu decreases and then continues to increase, and GraphCast keeps
decreasing. In addition, we have statistically calculated the results of the
best-performing models with longitude, latitude and height in Fig. 11
and Fig. 12. From the performance of ZHD (Fig. 11), all evaluation
metrics exhibit no significant correlation with longitude. FengWu is
significantly superior to the other two models in the low-latitude region,
with the exception of MAE and RMSE. This implies that in multi-step
inference, FengWu not only demonstrates overall superiority over the
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other two but also stands out particularly in the low-latitude region.
Regarding the variation with height, a notable inflection point emerges
at 2,800 m. Beyond this inflection point, the number of steps where
Pangu-Weather and FengWu predominate in most metrics begins to
increase, while that of GraphCast continues to decline. This phenome-
non is primarily due to the results in Antarctica, and it also indicates that
Pangu-Weather performs more effectively in Antarctica.

From the ZWD results (Fig. 12), the performance of the three models
is also not significantly correlated with longitude, and in the variation
with latitude, FengWu shows a slight decrease in the low latitude region,
while Pangu-Weather shows a slight increase. What is more interesting
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is the variation with height, Pangu-Weather exhibits an upward bump in
the 2,800 m to 4,000 m height region, while FengWu exhibits a down-
ward depression. This is again caused by the location of the Antarctic
center region (Figs. S19-S30). It is clear that Pangu-Weather has
significantly better water vapor forecasts in Antarctica than FengWu. To
further establish this, we present the results for the Antarctica region
exclusively in Fig. 13. From the results, it is clear that the areas with
outstanding values correspond very well with the high-altitude regions,
and it is in these regions that Pangu-Weather outperforms the other two
models for the majority of the forecast time.
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4. Conclusions and perspectives

In this contribution, we analyze the accuracy of tropospheric delay
forecasts derived from Al weather forecasting foundation models rep-
resented by Pangu-Weather, GraphCast, and FengWu from the
perspective of GNSS, as well as the rate of accuracy variation during
multi-step predictions. We investigate the spatiotemporal in-
homogeneity of Al model accuracy degradation and discuss the differ-
ences between various models and the potential causes. Drawing from
this, we provide actionable insights and recommendations targeted at
GNSS users and developers of AI foundational models alike. The
experimental results can be summarized as follows:

1) The deterioration of the AI model accuracy with increasing forecast
time is mainly manifested in the gradually increasing negative bias, i.
e., the forecasts are underestimated, and the degree of underesti-
mation increases with the number of forecast steps. The accuracy of
the model shows accelerated deterioration on days 0-7 and decel-
erated deterioration on days 7-15 on ZHD, while it consistently
shows decelerated deterioration on ZWD and ZTD.

The atmospheric variable total precipitation in the AI model con-
tributes to accurate short-term forecasts of water vapor. Due to the
addition of total precipitation, particularly in middle and low lati-
tude regions, GraphCast outperforms both FengWu and Pangu-
Weather in first-step inference. But FengWu outperforms the other
two in the multi-step inference, suggesting that FengWu has an
algorithmic advantage over the other two.

Taking into account the variations in terrain may enhance the ac-
curacy of forecasts in high-altitude areas. In the high-altitude zone,
Pangu-Weather is beginning to close the gap and surpass the other
two models, suggesting that it is more proficient at predicting regions
with complicated topography. The observed performance advantage
of Pangu-Weather in high-altitude regions (e.g., Antarctica) may
partially result from its 3DEST algorithm that explicitly encodes
topographic information. However, it should be acknowledged that
model performance differences likely stem from a combination of
factors, such as data quality, model architecture, training strategy,
and hyperparameter settings. Future research will explore these
factors’ contributions to better understand the performance varia-
tions of AI models in complex terrain regions.

2

—

3

-

Overall, the AI weather forecast foundation models have performed
quite well, but they still possess significant potential for further devel-
opment, and their ultimate performance is far beyond what is currently
demonstrated. We anticipate that with advancements in Al technology
and increased computational power, scholars will be able to incorporate
more atmospheric variables, and even oceanic variables, into the
training of foundation models. Additionally, terrain changes, vegetation
types, geological conditions, and other factors can also be integrated
into the algorithms. We hope that the research presented in this paper
will make a positive contribution to advancing this process.
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