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Abstract. Integrating satellite-derived precipitable water vapor (PWV) provides data with high spatiotempo-
ral resolution, which is crucial for monitoring and forecasting extreme weather. However, current fusion and
calibration methods typically rely on dense GNSS networks, hindering its application in data-sparse regions. It
remains unclear whether improving calibration under sparse conditions depends more on increasing station num-
bers or optimizing their spatial placement. To address this, we developed a machine learning-based calibration
framework for FY-4A all-weather PWV and conducted controlled experiments across China. Our key finding is
that for a fixed station budget, a spatially random layout consistently outperforms clustered or geographically
biased distributions, reducing RMSE by up to 27 % under the same validation set. While increasing station den-
sity improves spatial generalization, with RMSE at independent stations dropping from 3.24–2.28 mm and bias
converging near zero, performance gains saturate beyond approximately 120–160 stations. Spatially, errors un-
der sparse, non-uniform networks concentrate in regions with strong humidity gradients or complex terrain; a
uniform layout distributes errors more evenly. Temporally, all calibrated models capture seasonal cycles, with
residual errors peaking in summer due to convective activity. This study demonstrates that in sparse network
design, maximizing spatial coverage uniformity is more critical than simply adding stations. Thus, a transferable
framework and a quantitative principle are provided for generating reliable satellite PWV products where GNSS
observations are limited.

1 Introduction

Atmospheric water vapor is a key component of the climate
system, and its accurate monitoring via precipitable water
vapor (PWV) is essential for weather and climate studies
(Rocken et al., 1997; Trenberth et al., 2005). High-accuracy,
spatiotemporally continuous PWV fields are therefore crit-
ical for understanding hydrological processes and improv-
ing meteorological forecasts (Lu et al., 2016; Chen and Liu
2016).

At present, PWV observations are mainly derived from
ground-based measurements and satellite remote sens-
ing. Ground-based techniques, including radiosondes, mi-
crowave radiometers, and Global Navigation Satellite Sys-
tems (GNSS), generally provide high accuracy and high tem-
poral resolution, making them suitable for capturing rapid
variations in atmospheric water vapor (Ware et al., 2000;
Durre et al., 2006; Namaoui et al., 2017). However, their
spatial representativeness is strongly constrained by station
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density and distribution, limiting their ability to provide spa-
tially continuous PWV fields over large regions. In contrast,
satellite remote sensing provides regional to global coverage,
complementing the spatial limitations of ground networks
(Kaufman and Gao 1992; Zhang et al., 2019; Zhao et al.,
2024). Nevertheless, near-infrared and thermal infrared PWV
products are often affected by cloud contamination, viewing
geometry, and retrieval assumptions, leading to insufficient
accuracy, missing data, and poor spatiotemporal continuity.
These issues are particularly pronounced over complex un-
derlying surfaces or in regions with strong water vapor gra-
dients (Jiang et al., 2024), thereby limiting the applicability
of satellite-derived PWV in high-resolution moisture moni-
toring and process-oriented studies.

To improve the quality of satellite PWV products, ex-
isting studies have generally followed two main technical
pathways. One approach focuses on post-processing calibra-
tion of satellite PWV using ground-based observations to re-
duce systematic biases and enhance consistency across dif-
ferent observing systems. The other approach aims to im-
prove retrieval algorithms and parameterization schemes at
the source, thereby strengthening physical consistency and
reducing retrieval uncertainty (Merrikhpour and Rahimzade-
gan 2017; He and Liu 2020).

In post-calibration studies, GNSS-derived PWV has been
widely adopted as a reference “truth” for satellite PWV
calibration. Investigations based on relatively large GNSS
networks consistently demonstrate that multi-station con-
straints can substantially improve the accuracy and stability
of satellite PWV products. For example, Bai et al. (2021)
constructed a linear MODIS PWV calibration model using
260 GNSS stations over China, achieving an overall ac-
curacy improvement of approximately 20 %. Subsequently,
Researchers developed machine-learning-based calibration
models for MODIS and FY-3A PWV using 2794 and 214
GNSS stations over China, respectively, significantly en-
hancing the long-term performance of satellite PWV under
all-sky conditions (Qin et al., 2023; Xu and Liu, 2023a). Xu
and Liu (2023b) further validated the effectiveness of ma-
chine learning approaches in improving all-weather satellite
PWV quality using 453 ground stations in Australia. To ad-
dress the limited spatiotemporal continuity of PWV maps,
Ma et al. (2023) proposed a distributed ensemble frame-
work integrating multi-source heterogeneous data based on
207 GNSS stations in New South Wales. Ma et al. (2022a)
reported that when only 14 GNSS stations in the Tibetan
Plateau were used to construct a calibration model, the spar-
sity of stations prevented machine learning approaches from
achieving high calibration accuracy. The consistent conclu-
sions drawn from these studies across different regions and
satellite products indicate that the number of GNSS stations
is a key prerequisite influencing satellite PWV calibration
performance. However, most existing studies treat the avail-
able station network as a given condition, and whether in-
creasing the number of stations necessarily leads to linear

or unlimited performance gains remains insufficiently under-
stood.

Meanwhile, dense GNSS PWV observations have also
been used to develop multi-parameter satellite PWV map-
ping models. Researchers incorporated land-cover informa-
tion using 173 GNSS stations in North America and achieved
more than a 66 % improvement in MODIS near-infrared
PWV retrieval accuracy through multi-channel coupling (Ma
et al., 2022c). In addition, progress has been made in high-
accuracy PWV retrieval from Fengyun satellites (Zhao et al.,
2024), as well as in all-weather PWV retrieval through the
fusion of infrared, near-infrared, and microwave observa-
tions (Sun et al., 2024; Du et al., 2025). Despite these ad-
vances, station number and spatial configuration are typi-
cally regarded as background conditions rather than explic-
itly treated as independent variables governing model perfor-
mance.

In summary, existing satellite PWV reconstruction and
calibration studies primarily aim to establish mapping rela-
tionships between satellite observational information – in-
cluding products, spectral features, spatiotemporal attributes,
and environmental variables – and high-accuracy ground-
based PWV, particularly GNSS-derived PWV. However,
most studies have concentrated on regions with relatively
dense GNSS station coverage, while quantitative understand-
ing of model performance, stability, and generalization be-
havior under sparse station conditions is still lacking. How
the number of training stations and their spatial configu-
ration jointly constrain the spatial consistency and extrap-
olation capability of calibration models has not been sys-
tematically evaluated. To address this gap, we develop a
machine learning-based calibration framework for the all-
weather FY-4A PWV product over China. Through con-
trolled experiments, we systematically isolate and quantify
the impacts of training station density and spatial layout on
model accuracy, spatial generalization, and temporal stabil-
ity. The objective is to provide quantitative guidance on sta-
tion configuration and methodological support for satellite
PWV reconstruction under sparse observational conditions.

The remainder of this paper is organized as follows. Sec-
tion 2 describes the study area, datasets, and preprocessing
procedures. Section 3 presents the all-weather PWV model
construction and evaluation metrics. Section 4 reports the
experimental results and discussion. Finally, Sect. 5 summa-
rizes the main conclusions and outlines future research direc-
tions.

2 Study Area and Data

2.1 Study Area

This study focuses on mainland China as the study re-
gion (18–53° N, 73–135° E; Fig. 1). The region exhibits pro-
nounced topographic heterogeneity characterized by a step-
wise terrain pattern, including the Tibetan Plateau, inland
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basins, and eastern plains. Such complex terrain leads to
strong regional contrasts in climatic background and water
vapor transport and convergence mechanisms, resulting in
pronounced spatial heterogeneity in PWV.

To systematically evaluate the influence of training sam-
ple size and spatial configuration on the generalization ca-
pability of all-weather PWV models, a total of 244 GNSS
stations were selected as modeling samples. In addition,
16 GNSS stations were randomly excluded from the training
process and reserved as an independent validation set. Fur-
thermore, 80 radiosonde stations from the Integrated Global
Radiosonde Archive (IGRA) were selected as an external in-
dependent validation dataset. The spatial distribution of all
stations is shown in Fig. 1, where Fig. 1b highlights the ran-
domly selected 16 independent GNSS validation stations.

2.2 Data and Processing

2.2.1 FY-4A

The Fengyun-4A (FY-4A) satellite is China’s second-
generation geostationary meteorological satellite, operating
in geostationary orbit and carrying the Advanced Geosta-
tionary Radiation Imager (AGRI). AGRI provides high-
temporal-resolution observations; in addition to full-disk
scanning, it performs regional observations over China at
a 15 min interval. FY-4A PWV products are freely avail-
able in near real time from the official data portal of Na-
tional Satellite Meteorological Center (http://satellite.nsmc.
org.cn/, last access: 22 August 2026). Because near-infrared
channels cannot penetrate thick cloud cover, cloud detec-
tion is required prior to PWV retrieval. In this study, cloud-
contaminated PWV observations were identified and ex-
cluded using the MERSI cloud mask product.

2.2.2 GNSS

GNSS-derived PWV data were obtained from the China
Crustal Movement Observation Network (CMONOC),
which provides continuous, high-precision, and high-
temporal-resolution observations across mainland China.
CMONOC has been widely used for monitoring crustal de-
formation, gravity field variations, tropospheric water vapor,
and ionospheric electron content (Li et al., 2012). In this
study, CMONOC observations for 2023 were processed us-
ing the GAMIT/GLOBK software to generate hourly zenith
total delay (ZTD) time series. Zenith hydrostatic delay
(ZHD) and zenith wet delay (ZWD) were separated, and
PWV was derived using standard conversion factors. The ba-
sic relationship can be expressed as

ZWD= ZTD−ZHD (1)

PWV= ZWD ·
106

ρw ·Rw ·
(
k3
Tm
+ k′2

) (2)

Tm =

∫
e
T

ds∫
e

T 2 ds
(3)

where k3 = 377600.0 K2 Pa−1, k′2 = 16.52 KhPa−1, Tm is
weighted mean temperature (K), ρw is the density of liq-
uid water, Rw is the specific gas constant for water vapor
(461.5 Jkg−1 K−1), e is water vapor pressure (hPa), T is tem-
perature (K), and ds denotes the vertical layer thickness. Sur-
face pressure and weighted mean temperature required for
GNSS PWV estimation were provided by ERA5.

The ZHD was computed using the Saastamoinen model
(Saastamoinen, 1972), which achieves sub-millimeter accu-
racy under standard atmospheric conditions. The derived
GNSS PWV was then used as a reference truth dataset for
all-weather PWV model training and validation.

ZHD=
0.0022768 ·Ps

1− 0.00266 · cos(2 ·ϕ)− 0.00028 ·hs
(4)

where Ps is the pressure at the GNSS station; ϕ is the latitude
of the station; hs is the elevation of the station.

2.2.3 Radiosonde

Radiosonde-derived PWV data were obtained from the
Integrated Global Radiosonde Archive (IGRA), which
is freely accessible at https://www.ncei.noaa.gov/products/
weather-balloon/integrated-global-radiosonde-archive (last
access: 22 August 2026). PWV derived from 2023 ra-
diosonde observations was used as an external independent
validation dataset to assess model consistency across differ-
ent observation systems. To ensure temporal representative-
ness and continuity, stations with severe data gaps were ex-
cluded. Only stations with valid observations for no less than
one third of the year (i.e., at least 120 dyr−1) were retained.
After quality control, PWV data from 80 radiosonde stations
in 2023 (Fig. 1) were selected for final model evaluation.

2.2.4 Topographic and Land Cover

Digital elevation model (DEM) data from the Shuttle Radar
Topography Mission (SRTM) were used as the elevation ref-
erence for FY-4A PWV. The SRTM DEM was jointly pro-
duced by NASA and the National Geospatial-Intelligence
Agency (NGA) and is available at http://www.resdc.cn/ (last
access: 22 August 2026). In this study, SRTM DEM data with
a spatial resolution of 90 m were resampled to 4 km to match
the spatial resolution of the reconstructed FY-4A PWV. Land
cover information was obtained from China’s first annual
land cover dataset derived from Landsat imagery. The dataset
includes nine land cover types: cropland, forest, shrubland,
grassland, water bodies, snow/ice, bare land, impervious sur-
faces, and wetlands. Considering the 4 km spatial footprint
of FY-4A PWV, a circular buffer with a radius of 2 km was
constructed around each GNSS station. The area fractions of
different land cover types within each buffer were calculated
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Figure 1. Spatial Distribution of GNSS and IGRA Stations in China.

and used as model input variables to enhance the represen-
tation of surface heterogeneity and regionally non-uniform
errors.

2.2.5 NDVI

Vegetation conditions and evapotranspiration processes play
an important role in near-surface moisture sources and re-
cycling. Therefore, the normalized difference vegetation in-
dex (NDVI) serves as an effective indicator for character-
izing land-surface contributions to atmospheric water va-
por and regional variability (Ma et al., 2022b). NDVI data
were obtained from the MODIS vegetation index product
MOD13A2, which is generated from atmospherically cor-
rected daily bidirectional surface reflectance and provides
NDVI at a spatial resolution of 1 km and a temporal reso-
lution of 16 d (https://ladsweb.modaps.eosdis.nasa.gov/, last
access: 22 August 2026). Similarly, a resampling method is
employed to standardize the spatial resolution of NDVI and
FY-4A PWV. Given its temporal characteristics, a fixed 16 d
cycle was adopted, and a constant NDVI value was assigned
within each cycle to ensure data consistency and avoid addi-
tional uncertainty introduced by excessive temporal interpo-
lation.

3 Methods

To reduce the impact of cloud contamination and missing ob-
servations in FY-4A PWV products on statistical analysis and
spatial comparison, an all-weather FY-4A PWV reconstruc-
tion was first performed to generate spatiotemporally con-
tinuous PWV fields. Subsequently, GNSS-derived PWV was
introduced as an external constraint to calibrate reconstructed
FY-4A PWV and reduce systematic biases. The stability and
generalization of the all-weather PWV model were then eval-

uated under different training station numbers and spatial
configurations. The overall workflow is illustrated in Fig. 2.

3.1 All-weather FY-4A PWV Reconstruction

The reconstruction aims to restore PWV continuity under
cloudy or missing-data conditions by establishing a non-
linear mapping between FY-4A PWV and multiple auxil-
iary variables, including meteorological parameters, topogra-
phy, time, and spatial information. To ensure spatiotemporal
consistency across all input data, a rigorous pre-processing
procedure was applied. Temporally, the ERA5 data were
aligned to match the exact observation hours of the full-
disk FY-4A PWV product. Spatially, the FY-4A PWV data
and the DEM over the study domain were resampled onto
the ERA5’s 0.25°× 0.25° grid using a bilinear interpola-
tion method, thereby unifying the spatial resolution and grid
alignment for all datasets prior to model training.

A random forest (RF) model was employed to describe the
nonlinear relationship between PWV and auxiliary variables:

PWVFY-4A = fRF(Lat,Lon,Dem,Time,T2m,TCW,SP) (5)

where T2m, SP, and PWV denote near-surface temperature,
surface pressure, and water vapor-related parameters, respec-
tively; Dem represents elevation; Lat and Lon denote spatial
location; and TCW is total column water. After training, the
model was applied to generate spatiotemporally continuous
reconstructed FY-4A PWV fields.

The model performance was evaluated using the test set,
and the results show that the reconstructed model achieved an
RMSE of 1.12 mm and a Bias of 0.51 mm. The reconstructed
PWV has been verified to effectively retrieve the spatial dis-
tribution characteristics of water vapor over the entire region,
and its distribution is consistent with that of ERA5 PWV. De-
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Figure 2. Flowchart of the all-weather PWV map reconstruction and calibration.

tailed validation of the reconstruction has been reported in
previous studies (Wang et al., 2026) and is not repeated here.

3.2 GNSS-constrained FY-4A PWV Calibration

Although reconstruction improves data completeness, re-
gional systematic biases remain in FY-4A PWV. Therefore,
GNSS PWV was used as a reference to calibrate recon-
structed FY-4A PWV. To address the spatial mismatch be-
tween site-based GNSS observational data and gridded satel-
lite PWV, this study employs a bilinear interpolation method
to interpolate FY-4A gridded data to the GNSS site locations.
Temporal mismatches were handled by averaging GNSS
PWV at the two nearest epochs before and after satellite over-
pass times.

An RF-based calibration model was constructed to map
reconstructed FY-4A PWV, spatiotemporal information,
NDVI, and land cover characteristics to GNSS PWV:

PWVGNSS = fRF(Lat,Lon,Elv,Time,NDVI,PLCTi,PWVFY-4A) (6)

where PLCTi denotes the area fraction of the ith land cover
type within a 2 km buffer around each GNSS station.

3.3 Station Configuration Experiments

To quantitatively assess the effects of training station density
and spatial structure on model generalization, two groups of
comparative experiments were designed, as shown in Fig. 2b.

1. Training station number experiment. Different num-
bers of GNSS stations were randomly selected from
the available 228 stations to construct training datasets.
Seven training sample sizes were considered: No.= 30,
40, 80, 120, 160, 200, and 244. Among them, Exper-
iment No. 244 served as the reference. The remain-
ing GNSS stations were used as independent validation
samples, and IGRA radiosonde PWV data were further
introduced for external validation.

2. Spatial structure experiment. Under the same training
station number, three typical spatial configurations were
constructed, including random, surrounding, and clus-
tered distributions. These configurations were designed
to evaluate how spatial coverage uniformity and repre-
sentativeness influence spatial error patterns and extrap-
olation capability. Specific methods of construction are
as follows.
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– Random distribution. A network composed of 200
stations is selected completely at random from all
stations. This method simulates a scenario where
station locations have no specific spatial pattern.

– Surrounding distribution. To simulate the pattern of
stations distributed around a central area, the geo-
graphic center of all stations is first identified. Then,
28 stations are randomly removed from the central
area. The remaining 200 stations, primarily located
in peripheral regions, constitute the training set.

– Clustered distribution. To simulate the pattern of
stations densely concentrated in a certain area, the
opposite strategy is adopted: 28 stations are ran-
domly removed from the peripheral areas of the sta-
tion network, retaining 200 stations in the central
and relatively concentrated regions.

Through this experimental design, the relationships among
sample size, spatial coverage, and error response were sys-
tematically examined, enabling the identification of major
limiting factors governing model performance improvement
and the corresponding saturation thresholds.

3.4 Model Parameter Optimization

Key RF parameters were optimized using out-of-bag (OOB)
error as the evaluation criterion. Bayesian optimization was
applied to automatically search the parameter space. This
process was repeated for more than 5 cycles to minimize
random variability in the optimal results. The range of tree
numbers was 50–250 with an interval of 10. The final opti-
mal parameter settings are summarized in Table 1.

3.5 Evaluation Metrics and Validation Strategy

Model performance was evaluated at three levels, including
training GNSS stations, independent GNSS validation sta-
tions, and IGRA radiosonde stations, to distinguish fitting
capability from spatial extrapolation performance. The coef-
ficient of determination, RMSE, and mean bias were adopted
as the primary evaluation metrics:

Bias=
1
m

∑m

i=1

(
Datamodel

−Dataref
)

(7)

RMSE=

√
1
m

∑m

i=1

(
Datamodel

−Dataref
)2

(8)

R2
= 1−

∑(
Dataref

−Datamodel)2∑(
Dataref−Datamodel

)2 (9)

where Datamodel denotes model-derived PWV and Dataref

represents reference PWV observations.
In addition to overall statistical metrics, model robustness

was further assessed in terms of spatial error patterns, PWV

time series at representative stations, and monthly aggregated
statistics. These analyses were conducted to evaluate model
stability, seasonal dependence, and spatial consistency across
different observational networks.

4 Results and Discussion

4.1 Overall Performance

A central finding of our experiments is that in-sample fit-
ting accuracy is remarkably insensitive to the number of
training stations, whereas spatial generalization (validation
at independent sites) critically depends on it. As shown in
Fig. 3, for training stations, the accuracy of all-weather PWV
model remains consistently high as the number of training
stations increases from 30–244. The coefficient of determi-
nation R2 remains stable within the range of 0.988–0.990,
while RMSE varies only slightly between 1.45 and 1.66 mm.
Mean bias is close to zero throughout all configurations
(|Bias| ≤ 0.02 mm). These results suggest that the random
forest model is capable of sufficiently learning the regional-
scale mapping relationship between GNSS PWV and FY-4A
PWV, and that further increases in training samples yield
only marginal improvements in fitting accuracy.

In contrast, the number of training stations has a pro-
nounced effect on model performance at independent GNSS
validation stations. As training station numbers increase, re-
trieval accuracy at independent stations improves steadily,
with R2 increasing from approximately 0.96–0.97 and
RMSE decreasing markedly from 3.24–2.28 mm. Mean-
while, Bias gradually converges from 0.42 mm toward near-
zero values. These results demonstrate that enlarging the
training dataset enhances the model’s ability to represent re-
gional PWV heterogeneity and effectively suppresses sys-
tematic errors during spatial extrapolation. Notably, when
the number of training stations exceeds approximately
160, improvements in independent-station accuracy become
marginal, indicating a saturation behavior in model perfor-
mance and suggesting that the dominant statistical character-
istics of PWV over the study region have been adequately
captured.

This saturation identifies a cost-effective range for station
numbers. Beyond this range, merely adding stations yields
diminishing returns. To dissect the drivers of this saturation
and explore how to optimize performance within a fixed sta-
tion budget, we now turn to a spatial analysis of errors.

Figure 4 presents the inversion performance of models
trained with different numbers of stations at 16 GNSS sta-
tions that were not involved in the training process. Un-
calibrated FY-4A PWV exhibits substantial systematic un-
derestimation (Bias: −2.17 mm) accompanied by large ran-
dom errors (RMSE: 3.93 mm). With increasing training sta-
tion numbers, calibration errors are significantly reduced and
spatial performance becomes more stable, with particularly
pronounced improvements observed in low-latitude regions.
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Table 1. Random forest hyperparameter values based on different station configurations.

Training station number experiment Spatial structure experiment

Number of Station/ Number of Number of Station/ Number of
Distribution Type Decision Trees Distribution Type Decision Trees

30/Random 150 200/Surrounding 200
40/Random 150 200/Clustered 150
80/Random 150 200/ Random 200
120/Random 150
160/Random 200
200/Random 200
244/Random 200

Figure 3. Validation results of models trained with varying numbers of GNSS stations. Panels (a)–(g) show the validation accuracy evaluated
using stations included in the training set, whereas panels (a1)–(g1) depict the validation accuracy assessed using stations withheld from the
training process.

When the training station number reaches 200, the mean Bias
decreases to 0.07 mm, while RMSE shows a monotonic de-
cline from 3.93–1.90 mm.

The consistency of these improvements across indepen-
dent stations indicates that increasing training sample size ef-
fectively mitigates systematic bias and enhances model gen-
eralization. From a mechanistic perspective, when training

data are limited, the model cannot adequately represent the
spatial heterogeneity of regional PWV, leading to error accu-
mulation and amplified random errors in regions with distinct
climatic backgrounds, surface conditions, and moisture vari-
ability. As training station numbers increase, the diversity of
PWV scenarios represented in the training data expands, en-
abling the model to learn more representative regional statis-

https://doi.org/10.5194/acp-26-12243-2026 Atmos. Chem. Phys., 26, 12243–12259, 2026



12250 Y. Ma et al.: Measurement report: Quantifying the trade-off between station number and spatial layout

Table 2. Validation results of different models using IGRA stations.

Model Bias [mm] RMSE [mm]

RF_30 0.29 2.68
RF_40 −0.86 2.72
RF_80 −0.47 2.46
RF_120 0.02 2.36
RF_160 −0.14 2.38
RF_200 −0.39 2.39
RF_244 −0.14 2.37

tical features and thereby improving both accuracy and sta-
bility at independent locations.

Independent validation using IGRA radiosonde PWV is
summarized in Table 2. When the number of training stations
increases from 30–120, model errors decrease substantially,
with RMSE reduced from 2.68–2.36 mm and Bias converg-
ing to near-zero values (0.02 mm). This indicates that a mod-
erate training sample size is enough to achieve a favorable
balance between accuracy and robustness. Further increas-
ing the number of training stations to 160–244 results in only
minor fluctuations in RMSE (approximately 2.37–2.39 mm)
and Bias, confirming that model performance gradually ap-
proaches saturation. Moreover, it was found that the model
trained on 120 stations achieved higher accuracy than those
trained on a larger number of stations. This phenomenon can
be attributed to two main reasons. First, as the number of
training stations increases, the model is compelled to learn
more generalizable physical patterns, which may slightly re-
duce its fitting accuracy to the training data (i.e., a shift
from “overfitting” toward “generalization”). Second, redun-
dant stations fail to provide additional useful information; in-
stead, they introduce a smoothing effect that dilutes the crit-
ical spatial features present in the original data.

Overall, the consistent patterns revealed by Figs. 3 and 4
and Table 2 demonstrate that increasing training station den-
sity is essential for improving the spatial generalization ca-
pability of GNSS PWV calibration models. However, larger
sample sizes do not necessarily translate into proportional
performance gains. From the perspective of station num-
ber and random spatial distribution alone, a training station
scale of approximately 120–200 provides an effective com-
promise between accuracy improvement and computational
efficiency for regional-scale PWV calibration over China.

4.2 Spatial Dependence of Model Performance

While the analysis above confirms the role of station number
and its saturation, a more pressing practical question emerges
under resource constraints: Can the spatial layout of a fixed
number of stations serve as a lever to enhance performance
beyond what the number alone dictates? To answer this, we
analyze the spatial patterns of model errors.

Figure 5 presents the spatial distributions of RMSE and
Bias over China based on IGRA radiosonde validation under
different training station numbers, together with the spatial
distribution of training GNSS stations. Overall, both RMSE
and Bias exhibit pronounced spatial heterogeneity, reflecting
the complex spatial variability of atmospheric water vapor
and its controlling factors.

When the number of training stations is limited (e.g.,
No.= 30 and No.= 40), spatial discrepancies in model er-
rors are particularly pronounced. RMSE is generally higher
in regions with more active moisture variability, especially
in eastern and southern China, where RMSE at some sta-
tions exceeds 3.0 mm. At the same time, Bias shows a clear
pattern of alternating positive and negative values, indicat-
ing strong regional dependence during spatial extrapolation.
These results suggest that insufficient training samples with
limited spatial coverage hinder the model’s ability to capture
regional-scale PWV heterogeneity, leading to increased sys-
tematic errors in specific regions.

As the number of training stations increases to 80 and
120, the spatial error structure improves substantially. Over-
all RMSE levels decrease, the extent of high-error regions
shrinks markedly, and RMSE at most stations concentrates
within approximately 2.0–2.5 mm. Meanwhile, the spatial
distribution of Bias becomes smoother, with extreme posi-
tive and negative deviations significantly reduced. This im-
provement indicates a substantially enhanced capacity of the
model to adapt to regional differences in water vapor vari-
ability. When the number of training stations further in-
creases to 160, the improvement in RMSE and Bias becomes
relatively limited, suggesting that the dominant spatial vari-
ability patterns of PWV have largely been captured under the
current data and regional setting, and that further increases in
training samples yield diminishing returns in terms of spatial
error reduction.

Overall, these spatial patterns confirm that small training
datasets with insufficient spatial coverage are unable to repre-
sent regional PWV heterogeneity, resulting in localized sys-
tematic biases. In contrast, increasing training station num-
bers enhances the model’s adaptability to diverse climatic
backgrounds and moisture regimes, thereby effectively re-
ducing spatially non-uniform errors. Once the number of
training stations reaches approximately 120–160, model per-
formance gradually approaches saturation, consistent with
the statistical results discussed previously. This consistency
further emphasizes the importance of jointly considering
training sample size and spatial coverage in regional-scale
PWV calibration.

To further examine the role of spatial density, Table 3 sum-
marizes the relationship between calibration accuracy and
station spatial resolution, quantified by the mean inter-station
distance derived from a Delaunay triangulation. RMSE
shows an overall positive correlation with mean station spac-
ing, indicating that denser station networks provide stronger
spatial constraints on the model. When the number of train-
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Figure 4. Validation results of different models using GNSS stations not involved in model training.

ing stations exceeds approximately 120, improvements in ac-
curacy become notably weaker, again exhibiting a diminish-
ing marginal benefit. This behavior can be attributed to the
effective reduction in inter-station distance with increasing
station numbers, which enhances the spatial representative-
ness of training data and improves the model’s ability to char-
acterize PWV spatial variability. These results demonstrate
that, beyond sample size, the spatial configuration of train-
ing stations is a critical factor limiting further improvements
in calibration performance.

Due to the combined influence of land–sea contrast, tem-
perature fields, and large-scale circulation, southern China
(black-box region) exhibits stronger spatiotemporal variabil-
ity in water vapor and more pronounced short-term fluctu-
ations than northern China. Under limited station coverage,
the model struggles to capture fine-scale variability in this
region, resulting in generally lower accuracy compared with
northern China. For example, for the RF model, increas-
ing the training configuration from RF_N30 to RF_N160 re-
duces mean station spacing by 46.40 % in southern China
and leads to a 13.04 % reduction in RMSE, whereas in north-
ern China, mean spacing is reduced by approximately 55 %
and RMSE decreases by 17.10 %. These comparisons further
demonstrate that reducing inter-station distance and improv-
ing spatial coverage density can significantly enhance cali-
bration accuracy, although the magnitude of improvement is
constrained in regions with more intense moisture variability.

Figure 6 further compares the spatial distribution of FY-4A
PWV retrieved by different models under varying training
station numbers. A comparison of Fig. 6a–c indicates that
the all-weather model can effectively fill in regional missing
values. At large spatial scales, the RF_N244 retrieval exhibits
strong consistency with the GNSS-derived PWV field, char-

acterized by a gradual increase from northwestern to south-
eastern China. To better illustrate the influence of training
sample size, RF_N244 is used as a reference benchmark, and
spatial differences between other models and RF_N244 are
analyzed, as shown Fig. 6d–i. When training station num-
bers are small (e.g., RF_N30 and RF_N40), deviations rela-
tive to RF_N244 are large and spatially heterogeneous, with
local differences exceeding 6 mm in some regions. These dis-
crepancies are particularly pronounced in areas with complex
terrain or strong moisture gradients, indicating elevated un-
certainty in representing local PWV structures under sparse
training conditions.

As training station numbers increase, spatial differences
relative to RF_N244 decrease markedly, with patterns transi-
tioning from scattered to more continuous and smoother dis-
tributions. Extreme difference regions shrink substantially,
and when training station numbers reach 160–200, only mi-
nor small-scale fluctuations remain. Notably, although sta-
tion numbers increase beyond 120, the overall spatial cov-
erage pattern does not improve substantially, reinforcing the
conclusion that station layout and coverage uniformity are as
important as sample size in constraining model performance.

The persistent spatial error patterns under sparse condi-
tions suggest that the spatial representativeness and coverage
uniformity of stations may be a more critical performance
controller than sheer quantity. To test this hypothesis directly,
we designed a controlled experiment isolating the effect of
spatial configuration while holding the station number con-
stant.

To explicitly isolate the effect of spatial configuration,
calibration models were trained using GNSS stations ar-
ranged under three different spatial distribution structures,
and their performance was independently evaluated using the
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Figure 5. Spatial distribution of validation accuracy for different models using IGRA stations.

Table 3. Comparison of GNSS spatial resolution and model accuracy using IGRA station.

Model Outside the black box Inside the black box

Average Distance [km] Bias [mm] RMSE [mm] Average Distance [km] Bias [mm] RMSE [mm]

RF_N30 821.81 0.52 2.30 626.84 0.01 3.16
RF_N40 646.35 −0.52 2.12 784.79 −1.28 3.45
RF_N80 481.59 −0.32 1.95 473.30 −0.66 3.08
RF_N120 441.37 0.08 1.90 381.58 −0.05 2.91
RF_N160 369.75 −0.10 2.00 336.01 −0.18 2.86

16 GNSS stations that were not involved in the model train-
ing process. The validation results are summarized in Ta-
ble 4.

As shown in Table 4, the randomly distributed configura-
tion consistently achieves the best calibration performance.
Compared with the clustered and surrounding configura-

tions, the random distribution reduces RMSE by 27.08 %
and 26.59 %, respectively, and reduces Bias by 65.96 % and
15.69 %, respectively. These results indicate that a spatially
uniform and representative training set is more effective in
constraining regional PWV variability and suppressing sys-
tematic errors.
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Figure 6. Comparison of retrieval results at 12:00 UTC on the 232nd day of 2023 based on training models with different station configura-
tions. Panels (a)–(c) respectively display FY-4A PWV, GNSS PWV, and RF_N244 model derived PWV. Panels (d)–(i) show the differences
in retrieval results between each model and the RF_N244 model.

Table 4. Accuracy of models trained with different station distribution structures across the remaining GNSS stations.

RF_Clustered RF_Surrounding RF_Random

RMSE [mm] Bias [mm] RMSE [mm] Bias [mm] RMSE [mm] Bias [mm]

Area_Clustered 2.77 −0.47 – – 2.02 0.16
Area_Surrounding – – 3.61 −0.51 2.65 −0.43
Area_ Random – – – – 2.86 0.04

In contrast, the surrounding configuration exhibits the
poorest performance among the three layouts. This degra-
dation is likely attributable to the spatial mismatch between
training and validation stations: most of the remaining vali-
dation stations are concentrated in the mid- and low-latitude

regions, where water vapor variability is stronger and more
dynamic. The lack of representative training information for
these regions limits the model’s ability to characterize intense
moisture variability, leading to increased random errors and
systematic bias during spatial extrapolation.
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Overall, Table 4 show that, for regional-scale PWV cal-
ibration, spatial representativeness and coverage uniformity
of training stations are more critical than merely increasing
station numbers. Local clustering or surrounding layouts do
not guarantee improved accuracy and may even degrade spa-
tial extrapolation capability, whereas uniformly distributed
random configurations offer the most robust and transferable
solution for GNSS-constrained satellite PWV calibration.

Figure 7 compares model performance under different
station layouts while keeping the training station number
fixed (No.= 200). Figure 7d–f visualizes the spatial dif-
ference patterns of RF_N244 retrievals under distinct sta-
tion layouts, while Fig. 7g–i depicts the actual geograph-
ical arrangements corresponding to clustered, surround-
ing, and randomly distributed stations, respectively. Even
with identical sample sizes, significant performance differ-
ences emerge among spatial configurations: random distri-
butions perform best (RMSE: 1.44 mm, Bias: −0.34 mm),
followed by surrounding configurations (RMSE: 1.75 mm,
Bias: −0.68 mm), while clustered configurations perform
worst (RMSE: 2.39 mm, Bias: −0.36 mm). This finding
highlights the decisive role of spatial coverage uniformity
and representativeness in determining model generalization
capability.

Further inspection reveals that performance differences
among configurations are relatively small over low-elevation
plains, whereas the largest discrepancies occur in regions
characterized by strong topographic and climatic gradients,
such as plateaus, basins, and transition zones. A more bal-
anced station layout provides more comprehensive spatial
constraints, thereby improving the representation of wa-
ter vapor variability in complex terrain. For instance, com-
pared with a surrounding configuration, a more uniformly
distributed configuration yields markedly improved perfor-
mance over the Tibetan Plateau and the Yunnan–Guizhou
Plateau, indicating reduced systematic bias at high eleva-
tions.

It is noteworthy that although clustered configurations in-
crease station density locally, they result in the poorest over-
all performance, as shown Fig. 7d. In regions with strong spa-
tial heterogeneity in water vapor and surface conditions, lo-
cally clustered observations can introduce spatial bias in the
training dataset, making it difficult for a single global map-
ping function to simultaneously represent diverse environ-
ments such as plateaus, mountains, plains, lakes, and urban
areas. Consequently, fitting errors accumulate and spatial ex-
trapolation capability deteriorates. These results demonstrate
that blindly increasing station density through localized clus-
tering may be counterproductive, and that optimized spatial
distribution is essential for robust regional calibration.

Taken together, the spatial analysis confirms that while
training station number is important, optimizing spatial lay-
out and coverage uniformity under a given sample size is
even more critical for improving calibration accuracy and ro-
bustness in practical applications.

4.3 Temporal Stability of Model Performance

Finally, we evaluate temporal stability to assess whether op-
timizations in station number and layout yield robust per-
formance under dynamic atmospheric conditions. Figure 8
presents PWV time series comparisons at three GNSS sta-
tions located at different latitudes. All three stations exhibit
pronounced seasonal cycles, characterized by high PWV in
summer and low PWV in winter. Across different training
configurations, RF-based models generally capture the sea-
sonal evolution of GNSS PWV well; however, differences
remain in amplitude representation and short-term variabil-
ity.

When training station numbers are small (e.g., RF_No.=
30), the model tends to underestimate peak PWV during
high-moisture periods, with evident smoothing effects in
some intervals. As training station numbers increase to 80
and 200, agreement with GNSS observations improves sub-
stantially, particularly at mid- and low-latitude stations. This
improvement indicates that enlarging the training dataset en-
ables the model to better learn both the amplitude and tem-
poral structure of PWV variability.

Analysis of error time series further reveals that, al-
though errors generally fluctuate around zero, their magni-
tude and dispersion strongly depend on training station num-
ber. Sparse training configurations exhibit larger positive and
negative oscillations and higher error dispersion, whereas in-
creasing training station numbers leads to more concentrated
error distributions and a marked reduction in extreme er-
rors. These results demonstrate that increasing training sta-
tion numbers enhances not only mean accuracy but also tem-
poral stability and robustness. Nevertheless, occasional syn-
chronized biases across different training configurations per-
sist during some high-PWV periods, suggesting that retrieval
errors are not solely controlled by training sample size, but
may also be influenced by rapid moisture transport, strong
convective activity, and observation or matching uncertain-
ties.

Monthly-scale variations in Bias and RMSE under dif-
ferent training station numbers are shown in Fig. 9, with
the original FY-4A PWV product included for comparison.
Overall, calibrated models exhibit substantially lower Bias
and RMSE than the original FY-4A product throughout the
year, while also displaying a clear seasonal dependence, with
larger errors in summer and smaller errors in winter.

In terms of Bias, monthly mean values fluctuate around
zero for all calibrated models, but their amplitudes depend
on training station number. Models trained with fewer sta-
tions show more pronounced positive and negative deviations
in certain months, particularly during seasonal transitions or
under high-PWV conditions. As training station numbers in-
crease to 80–120 and beyond, monthly Bias variations con-
verge markedly toward zero, indicating effective suppression
of systematic errors and improved monthly stability.
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Figure 7. Comparison of retrieval results at 12:00 UTC on the 232nd day of 2023 based on training models with different station distributions.
Among them, panel (a) displays FY-4A PWV, panel (b) represents GNSS station-derived PWV, panel (c) presents PWV retrieved from the
model trained on 244 stations, panels (d)–(f) show PWV retrieved from models trained with different station distributions, and panels (g)–(i)
illustrate the distribution of GNSS stations.

RMSE exhibits a consistent seasonal pattern across all
models, with maximum values occurring during June–
August and minimum values in winter months. Under sparse
training conditions, RMSE during high-PWV months can
reach 4–5 mm. As training station numbers increase, over-
all RMSE decreases significantly and monthly variability be-
comes smoother. When training station numbers reach ap-
proximately 120–200, RMSE differences among months are
substantially reduced, demonstrating enhanced robustness
under varying seasonal moisture regimes.

It should be noted that even with increased training sta-
tion numbers, RMSE remains relatively high during summer
months characterized by intense moisture variability. This

suggests that monthly-scale errors are not solely determined
by training sample size, but are also influenced by enhanced
convective activity, rapid moisture transport, and increased
observational uncertainties. Nevertheless, the convergence of
Bias and RMSE with increasing training station numbers
provides a solid basis for further investigations into seasonal
dependence and extreme moisture processes.

5 Conclusions

This study developed a GNSS-constrained calibration frame-
work for FY-4A PWV and systematically investigated how
training station number and spatial configuration influence
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Figure 8. Time-series comparison of PWV retrievals from models trained with different numbers of stations.

Figure 9. Comparison of the accuracy of FY-4A PWV and their calibrated versions using different models based on GNSS validation.
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all-weather PWV model’s accuracy, spatial generalization,
and temporal stability at the regional scale over China. By
first reconstructing all-weather FY-4A PWV fields and sub-
sequently applying a random forest–based calibration us-
ing GNSS PWV as an external constraint, the proposed ap-
proach effectively reduced systematic bias and random er-
rors in satellite-derived PWV. The results demonstrate that,
while high in-sample fitting accuracy can be achieved with
relatively limited training data, the spatial generalization ca-
pability of the calibration model is strongly controlled by the
density and spatial representativeness of GNSS training sta-
tions.

Comprehensive analyses across spatial, temporal, and sea-
sonal dimensions reveal a clear performance saturation be-
havior. Increasing the number of training stations leads to
substantial improvements in independent validation accu-
racy and spatial error homogeneity, particularly when train-
ing sample sizes increase from sparse to moderate levels.
However, once the dominant spatial variability of PWV is
sufficiently represented, further increases in training station
numbers yield diminishing returns. For regional-scale appli-
cations over China, a training station number of approxi-
mately 120–200 provides an effective balance between ac-
curacy, robustness, and computational efficiency, assuming
a quasi-uniform spatial distribution. Moreover, experiments
isolating spatial configuration effects demonstrate that sta-
tion layout and coverage uniformity are at least as important
as sample size, and that locally clustered station distributions
may even degrade model performance in regions with strong
moisture heterogeneity.

Despite the overall improvements achieved, residual un-
certainties remain, particularly during summer months char-
acterized by intense water vapor variability and rapid mois-
ture transport. These errors indicate that calibration perfor-
mance is not solely governed by training sample charac-
teristics, but is also influenced by atmospheric dynamics,
surface–atmosphere interactions, and observation or match-
ing uncertainties. Future work will focus on incorporat-
ing additional dynamic predictors related to moisture trans-
port and convection, refining season-dependent calibration
strategies, and extending the proposed framework to other
satellite platforms and regions with sparse or unevenly dis-
tributed GNSS networks. Furthermore, further efforts will
be directed toward achieving optimal calibration of satellite-
derived water vapor using existing ground-based measure-
ments in station-sparse regions, such as the Tibetan Plateau
and oceanic islands.

Beyond the specific case of FY-4A PWV over China,
this study elucidates a generalizable principle for calibrat-
ing satellite geophysical products under sparse ground con-
straints: when observational resources are limited, prioritiz-
ing spatially representative and uniformly distributed stations
is more effective than pursuing a higher station count alone.
This “layout-over-density” principle stems from a fundamen-
tal requirement for spatial generalization – the model must

capture the spatial heterogeneity of the target variable. A
uniformly distributed network maximizes the spatial repre-
sentativeness of the training data with a minimal number of
stations.
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