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Abstract. Reliable near-surface wind speed (NSWS) data underpin a wide range of research in hydrology, climatology, wind

energy, and environmental change. However, estimates of long-term change in NSWS remain highly uncertain, largely

because of incomplete temporal coverage, uneven station distribution, and inhomogeneities in observational records. Here,15

we release the SgriWind-CN dataset, a new sub-daily gridded NSWS dataset over China, generated from 6-hourly

observations collected at 2,384 meteorological stations during 1980–2023. After rigorous quality control and sub-daily

homogenization, we apply a deep learning model, PConvUNet, to reconstruct a sub-daily, gridded wind speed dataset. The

resulting product effectively reproduces the spatial distribution of NSWS and performs well in data-sparse areas.

Quantitative evaluation shows that PConvUNet substantially outperforms conventional interpolation methods: it best20
preserves the original statistical distribution, as reflected in the lowest Kullback–Leibler divergence, and reduces the mean

absolute error on the test set by at least 65.3% relative to alternative approaches. The model also exhibits an advantage in

capturing extreme wind events. A reverse interpolation validation test further confirms the product’s robustness, yielding a

national mean bias of less than 0.05 m·s–1. Beyond NSWS, the dataset also includes surface roughness, land cover type,

elevation, latitude, and longitude to support diverse user applications and independent evaluation. This study aims to provide25

a robust, high-resolution data foundation for advancing understanding of wind variability and its broader impacts across

Earth system sciences. SgriWind-CN is publicly available at https://doi.org/10.5281/zenodo.22812484 (Bai et al., 2026).
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1 Introduction

Near-surface wind speed (NSWS) is a fundamental variable that characterizes atmospheric dynamics and climate change,30

and its variability is closely tied to boundary-layer physics, land-surface processes, and ecological functioning (He et al.,

2010; Chang et al., 2012; Wu et al., 2018). By modulating mass and energy exchanges in the lower atmosphere, NSWS

strongly influences aerosol and dust dispersion and transport, affecting visibility, air quality, and regional weather conditions

(Chen et al., 2020; Zhang et al., 2020; Ashkenazy and Yizhaq, 2023). In the context of hydrological cycles, NSWS plays a

critical role in regulating evapotranspiration at both global and regional scales, with direct implications for the occurrence35

and severity of drought events (McVicar et al., 2012; Wang and Dickinson, 2012; Liu et al., 2014; Yang et al., 2022; Wang

et al., 2025). As a key renewable energy source, NSWS is foundational to wind resource assessment, optimal turbine siting,

and efficient energy exploitation (Karnauskas et al., 2018; Zeng et al., 2019). Given its broad relevance, NSWS data have

been widely applied in diverse fields, including extreme wind event assessment, wind power generation estimation, air

pollutant dispersion modelling, and evapotranspiration quantification (Dupré et al., 2020; Tuinenburg et al., 2020; Dayal et40
al., 2021; Bai and Wang, 2023). These applications impose increasingly stringent requirements on data accuracy, continuity,

and spatiotemporal resolution, underscoring the need for a reliable, high-quality NSWS dataset with fine spatiotemporal

resolution.

One of the most notable features of NSWS trends is the long-term decline over the six decades, commonly referred to as

“terrestrial stilling” (Vautard et al., 2010; McVicar et al., 2012; Azorin-Molina et al., 2014). A similar decreasing trend has45

been documented across China (Lin et al., 2013; Wu et al., 2017), but growing evidence suggests that this declining trend

may have reversed in recent decades (Li, Y et al., 2018; Zha et al., 2021; Zhang and Wang, 2020). For instance, Yang et al.

(2021) found that NSWS reversed over China around 2014, shifting from a significant decline to a considerable recovery.

Liu et al. (2024) applied higher weights to sparsely distributed stations and reported a 31% larger increasing trend compared

with the unweighted estimates. In contrast, Li et al. (2022) suggested the annual mean NSWS showed a continuous reduction50

over China, with no statistically significant recovery. Overall, the long-term trend in NSWS, especially the recent recovery,

remains highly uncertain and lacks consensus. This uncertainty stems from multiple factors, including differences in station

network density, spatial weighting strategies, and, most critically, inhomogeneities introduced by non-climate factors.

NSWS is highly sensitive to changes in surface roughness and surrounding built environments. Non-climatic factors, such as

instrument replacement and station relocation, can introduce numerous inhomogeneity breakpoints (IBs) into the wind speed55

series. In China, more than 600 stations have been relocated (Cheng et al., 2024). An analysis of daily mean NSWS revealed

that over 59% of stations are affected by observation automation and station relocation during 1970–2017 (Si et al., 2018;

Zhang and Wang, 2023). A recent study pointed out that IBs linked to non-climate factors can induce artificial trends in

NSWS (Yan et al., 2026). Hence, rigorous homogenization correction of raw observations is a prerequisite for generating

robust findings and reliable interdisciplinary research.60
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Beyond the issue of inhomogeneity, the limited capacity of existing daily or monthly mean NSWS datasets to capture

regional-scale spatiotemporal patterns poses another major challenge. Station observations are temporally discontinuous and

spatially heterogeneous, with poor representativeness in regions of sparse network coverage, making it difficult to depict the

full spatiotemporal variability of NSWS (Liu et al., 2019; Liu et al., 2024). Gridded reanalysis products offer spatially and

temporally consistent fields based on numerical models, yet they are subject to uncertainties arising from input data quality.65

Furthermore, reanalyses tend to smooth out smaller-scale observational variability and fail to represent wind speed variations

over complex terrain (Rose and Apt, 2016; Wohland et al., 2019; Hersbach et al., 2020). Given these limitations, the

development of high-resolution gridded NSWS data based on observations is of great value.

In recent years, considerable efforts have been devoted to the gridded reconstruction of surface observational data (Han et al.,

2023; Zhang et al., 2024; Wang et al., 2026). Existing approaches broadly fall into two categories: spatial interpolation based70

solely on station observations, and data fusion that incorporates background fields from reanalysis or numerical models.

Classical interpolation methods, such as inverse distance weighting (Shepard, 1968) and Kriging (Krige, 1951), rely on

spatial autocorrelation and distance–decay relationships to estimate values at unobserved locations. Data fusion

techniques, including optimal interpolation (Gandin, 1965) and Bayesian model averaging (Raftery et al., 2005), combine

station data with background fields to produce spatially continuous products. However, these methods often introduce large75

errors in regions with complex terrain and sparse stations and make them difficult to use (Bishop et al., 2001; Hofstra et al.,

2008; Baez-Villanueva et al., 2020).

Accompanied by the rapid advancement of artificial intelligence (AI), machine learning algorithms and big data analysis

technologies are expected to be applied in data reconstruction over the station-sparse regions. These include conventional

machine learning models such as random forests (Zhou et al., 2026) and support vector machines (Zhang et al., 2017), as80
well as generative models such as generative adversarial networks (Zhu et al., 2020) and diffusion models (Sun et al., 2025).

Some studies have demonstrated that AI-based methods offer advantages in fusing multi-source information and modelling

nonlinear relationships, showing promise for wind speed prediction and gridded reconstruction in regions with complex

terrain and sparse stations (Houndekindo and Ouarda, 2025; Long et al., 2025). Building on these methods, some researchers

have made progress in gridded NSWS reconstruction (Zhou, L. et al., 2022; Wang et al., 2026). However, the existing85

studies focus on daily or monthly mean NSWS, and sub-daily gridded homogenized NSWS datasets are unavailable. Given

the strong diurnal cycle of NSWS, daily or monthly averages smooth out key information, inevitably obscuring sub-daily

variability, thereby hindering refined analyses in wind-related research and applications. There is thus a clear and urgent

need for reliable sub-daily gridded NSWS data.

To address the aforementioned challenges, we have developed SgriWind-CN, a sub-daily gridded, homogenized, high-90

resolution NSWS dataset for China. Specifically, we compiled 6-hourly wind observations at 10 m height from 2,384

stations during 1980–2023 and performed comprehensive homogenization testing for these raw observations. We then

constructed a partial convolution-based deep learning model to establish a gridded NSWS dataset. Finally, we conducted a

thorough reliability evaluation of the dataset.
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2 Datasets95

The 6-hourly (02:00, 08:00, 14:00, and 20:00 BJT) wind speed observations at 10 m height used in this study are obtained

from the China Meteorological Administration (CMA). These data span the period 1980–2023 and comprise records from

2,384 stations (Fig. 1). In addition, 6-hourly air temperature and pressure observations are also obtained from the CMA, and

sea level pressure is computed for each station using the pressure-altitude formula and station elevation data. To construct

the gridded observational dataset, hourly 10-m wind speed data from the fifth-generation ECMWF reanalysis (ERA5)100

(Hersbach et al., 2023) at 0.25°×0.25° resolution are used for model training and testing. The ERA5 data cover the period

1950–2024 and are cropped to the domain of 18.00–53.75 °N and 72.00–137.75 °E, yielding a grid of 144 × 264. To validate

the generalization ability of the model, 6-hourly NCEP FNL Operational Global Analysis data (National Centers for

Environmental Prediction/National Weather Service/NOAA/U.S. Department of Commerce, 2015) are used as an

independent test set. As NCEP FNL is separate from the ERA5 data used to train the model, it provides a test of105

generalization across data sources. It is worth noting that the spatial resolution of NCEP FNL data with a long time scale is

only available with a coarse resolution of 1°×1°, whereas a high resolution of 0.25°×0.25° is only available from 2016 to

2025. To match the spatial resolution of the training set, we therefore select the NCEP FNL data with 0.25°×0.25° resolution.

Elevation data are obtained from the Copernicus GLO-30 Digital Elevation Model (European Space Agency, 2024). Based

on these data, we derive slope and calculate the surface roughness as 1/cos(slope) (Zhang et al., 2021). The land cover type110

data, developed by Yang and Xin (2021), is used; it contains nine major land cover types in China from 1990 to 2019.

Figure 1. Spatial patterns of stations used in this study. Triangles and circles indicate the locations of all stations. Blue triangles

represent excluded stations, while purple circles represent retained stations.
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3 Methods115

3.1 Quality control and homogenization

The quality control (QC) and homogenization procedure is divided into three steps: (1) QC; (2) calculation of the reference

sequence; and (3) detection and correction of IBs (Fig. S1).

(1) QC

The 6-hourly wind speed observations are required to meet the following QC criteria: (a) stations with an annual missing120

data rate exceeding 10% are excluded; and (b) for each station, at least three observation times per month are required to

have fewer than 11 missing days and no consecutive missing data exceeding 5 days. After applying these criteria, 1,498

stations are retained (purple dots in Fig. 1). The calculated sea level pressure is processed following the same screening

procedure.

(2) Calculation of the reference sequence125

Because of the strong spatiotemporal variability in NSWS, the traditional approach of using nearby stations as reference

sequences for the target station is not applicable. Geostrophic wind is mainly determined by large-scale pressure fields, and

compared with wind observations, pressure is less affected by local environments (Alexandersson, 2001). Therefore,

geostrophic wind sequences calculated from pressure can better reflect the long-term trends of wind speed (Wan et al., 2010;

Zhou, C. et al., 2022). Geostrophic wind is calculated using sea level pressure and latitude-longitude information of130
triangular regions formed by three stations. Moreover, considering the uncertainty associated with using only three stations,

referring to Zhang and Wang (2020), we select all available stations within a 3° radius of each target station and compute

geostrophic wind from multiple three-station combinations. Subsequently, the geostrophic wind exhibiting the highest

correlation with the observed NSWS at the target station is selected as the reference series. To ensure the robustness of the

reference sequence, each station is required to have at least 20 triangles; otherwise, no reference sequence is computed for135

that station. Finally, 1,433 stations satisfy this criterion and retain a reference sequence.

(3) Detection and correction of IBs

We employ two homogenization methods: the Penalized Maximal F test (PMF) (Wang, 2008a, b) and the Penalized

Maximal t test (PMT) (Wang et al., 2007; Wang, 2008a). Both methods account for first-order autocorrelation in the time

series and apply empirical penalty functions to correct the uneven distribution of false-alarm rate and detection power.140

Furthermore, we employ the quantile-matching (QM) adjustment (Wang et al., 2010) to correct the mean bias and the

distributional differences across the IBs. Based on the reference sequences constructed in step (2), the PMT is applied to the

stations with a reference sequence, and the PMF is applied to the remaining stations. Because metadata record files are

unavailable, we identify IBs as reliably as possible using two criteria: (1) IBs associated with a mean change of less than 0.1

in the normalized series are excluded (Cao et al., 2016; Li, Z. et al., 2018), as such a small change is insufficient to indicate145

an inhomogeneity; (2) Because IBs at the same station should be consistent across the four observation times, it is necessary

to ensure that the breakpoints at least three observation times remain consistent within a window of six months before and
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after. Subsequently, based on the identified IBs, the raw wind speed series is adjusted using the QM technique to obtain the

homogenized wind speed series.

3.2 Gridding procedure based on PConvUNet deep learning model150

Partial convolution (PConv) is initially introduced for image restoration and is effective in reconstructing high-fidelity

images under extensive missing-data conditions (Liu et al. 2018). U-shaped neural network (UNet) is a classical encoder-

decoder architecture whose defining feature is the use of skip connections, which directly bridge corresponding encoder and

decoder layers by concatenating their feature maps, thereby preserving spatial detail and facilitating precise reconstruction of

fine-grained structures (Ronneberger et al., 2015). The combination of PConv and UNet yields the PConvUNet architecture,155
which has shown robust performance in data interpolation and reconstruction, particularly in the domains characterized by

sparse observational coverage (Kadow et al., 2020). This hybrid framework has been applied to reconstruct multiple

environmental variables, including surface air temperature (Kadow et al., 2020), wind speed (Zhou, L. et al., 2022), surface

solar radiation (Jiao et al., 2023), soil moisture (Wei et al., 2024), and sea ice thickness (Ma et al., 2025), consistently

producing accurate and physically plausible results. To obtain a high-quality gridded NSWS dataset, we use the PConvUNet160

deep learning model to convert the homogenized discrete stations data into a gridded dataset at a resolution of 0.25°×0.25°,

thereby better meeting the requirements of related research fields (Fig. 2a). Given the performance of the ERA5 reanalysis

product in representing spatiotemporal variations in atmospheric circulation and wind fields (Ramon et al., 2019; Hersbach

et al., 2020; Zhang and Wang, 2020), we further use its hourly 10 m wind speed at a resolution of 0.25°×0.25° to train the

PConvUNet model.165

3.2.1 Data preprocessing

The ERA5 and homogenized NSWS data are preprocessed following the procedure described in Section 2.1. The resulting

gridded ERA5 wind fields serve as reference fields for generating the PConvUNet training samples. To construct an

independent test set, we randomly select one year from each decade of the full time series, yielding eight test years,

including 1953, 1967, 1974, 1982, 1991, 2002, 2014, and 2024; these years are withheld and excluded from both the training170

and validation sets. The hourly data from the remaining 67 years are partitioned into training and validation sets at an 11:1

ratio, yielding 538,406 and 48,946 image samples, respectively. The test set uses the same binary mask as the training set,

with regions lacking observations set to 0 and those with observations set to 1.

3.2.2 PConvUNet reconstruction

The data used for gridding are the homogenized NSWS observations at stations. To improve training stability, we first175

standardize the input data and apply Min-Max normalization to map the data to the [0,1] interval, thereby mitigating the

influence of outliers on gradient-based optimization. Spatial interpolation onto the target grid (144×264) is performed using

inverse distance weighting, with the interpolation radius constrained to preserve local fidelity and minimize smoothing
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artifacts induced by aggregation. The preprocessed gridded data, treated as single-channel grayscale images, are then fed into

the PConvUNet architecture. Leveraging partial convolutions and dynamic mask updates, the model performs pixel-wise180

reconstruction of wind speed fields, yielding spatially coherent, gap-free datasets. The partial convolution operation at each

spatial location is given in Equation (1).

�' = WT X⊙M
sum 1
sum M

+b, if sum(M)>0

0, otherwise
1

Where W is the weight of the convolution filter, b represents the corresponding bias term, X represents the feature values of

the convolution window, M is the corresponding binary mask,⊙ indicates the element-wise multiplication, and 1 is a matrix

of the same shape as M but with all elements being 1. The output value only depends on the unmasked input. To ensure185
consistent output magnitude across convolutional windows containing varying numbers of valid inputs, PConvUNet applies

the scaling factor defined as sum 1
sum M

to scale. Where sum 1 is the total number of elements in the window, and sum M

denotes the count of unmasked positions. Following each partial convolution operation, the binary mask is updated: a given

output location is marked as valid if and only if at least one unmasked input contributes to its computation. This mask

propagation rule is formalized in Equation (2).190

�'= 1, if sum M >0
0, otherwise 2

The above processing approach enables the model to have a distinct capability to construct contiguous missing regions. As

long as the input contains any valid pixels, by applying the partial convolution layer continuously for a sufficient number of

times, the mask will eventually become a valid value of 1.

The total loss (ℒ푡표푡��) function is designed by weighting multiple loss functions, including pixel valid region loss (ℒ푣����),

pixel hole region loss (ℒℎ표�� ), perceptual loss (ℒperceptual ), original style output loss (ℒstyleout ), synthetic output loss195

(ℒstylecomp), and total variation loss (ℒtv). It is formulated as follows:

ℒ푡표푡�� = ℒ푣���� + 10ℒℎ표�� + 0.05ℒ푝�푟푐�푝푡��� + 16 ℒ푠푡���표�푡 +ℒ푠푡���푐표�푝 + 0.1ℒ푡푣 3

Training spans 120 hours and comprises 50,000 optimization steps. The Adam optimizer is employed with an initial learning

rate of 6×10–4. The learning rate decay factor is set to 0.3, and decay is triggered at 70% (35,000 iterations) and 90% (45,000

iterations) of the total number of iterations. Detailed processes are shown in Fig. 2b.

3.2.3 Validation Methods200

To assess the reliability of different masking strategies, we implement two experimental protocols: (1) random masking

scheme and (2) fixed masking scheme. In the random masking scheme, missing regions are stochastically generated during

both training and testing according to a predefined masking ratio; consequently, the locations, geometries, and spatial extents

of masked grids vary across samples. This scheme emulates the stochastic nature of real-world spatial data gaps and serves
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to evaluate the model’s adaptability, generalization capability, and robustness to unseen missing patterns. In contrast, the205
fixed masking scheme employs a static binary mask derived from the empirical spatial distribution of observational gaps, i.e.,

grid cells consistently unobserved across the historical record are designated as permanently masked. The identical mask is

applied uniformly to both the training and testing datasets. This design more faithfully reproduces the data deficiencies

inherent in observation networks and is therefore better suited for quantifying reconstruction accuracy under realistic,

stationary missing data conditions.210

Figure 2. Architectural diagram of the PConvUNet deep learning model. This model is based on the UNet architecture, with

standard convolutional layers systematically replaced by partial convolutional (PConv) layers. The encoder and decoder each

comprise three hierarchical stages; within the decoder, feature map upsampling is performed via nearest-neighbor interpolation.

3.3 Other methods215

The spatially constrained multivariate clustering method is used to divide the study region into 7 sub-regions (Assuncao et

al., 2006; Chuan et al., 2024). Linear trend is calculated using least-squares regression, and the statistical significance is

evaluated using a two-tailed Student’s t-test. A piecewise linear regression algorithm is applied to identify a significant

turning point of the long-term trend within a given time sequence.
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4 Results220

4.1 Quality control and homogenization of raw wind speed observations

The raw NSWS observations were characterized by substantial missing values and anomalously low wind speeds (Fig. 3).

Data completeness varied considerably among the four observation times. Missing data were most severe at 02:00 BJT,

when only 30% of the stations had a missing rate below 0.05% (Fig. 3 a1). At the other observation times (08:00, 14:00, and

20:00 BJT), by contrast, 98% of stations had a missing rate below 0.05% (Fig. 3, a2–a4). Regionally, Southwest China225

exhibited the most pronounced data missing, with a mean missing rate exceeding 34.0%, and the longest consecutive missing

period in this region exceeded 10 years. The anomalously low wind speeds were manifested primarily as anomalous zero-

wind-speed records, which occurred mainly at 02:00 and 08:00 BJT, with the longest consecutive zero-value period

exceeding 300 days. These zero-wind-speed records were likewise concentrated in Southwest China, whereas the coastal

areas and northeastern China exhibited relatively few such records (Fig. 3, b1–d4).230

Figure 3. Spatial patterns of raw observation NSWS quality from 1980 to 2023. (a1–a4) Mean missing rate of stations. (b1–b4)

Proportion of calendar months in which all NSWS records are zero. (c1–c4) Maximum number of consecutive days with missing

NSWS observations. (d1–d4) Longest consecutive days with NSWS zero-value measurements.
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Following the method described in Section 3.1, quality control was applied to the raw station data. Despite excluding 886235
stations with frequent or consecutive missing data, the remaining dataset still exhibited inhomogeneities. Ten randomly

selected examples displayed varying degrees of inhomogeneities, expressed mainly as abrupt increases or decreases in the

mean NSWS after IBs, as well as significant changes in NSWS variability (Fig. 4). For instance, at the station located at

31.17° N, 112.57° E, two apparent abrupt increases were detected around 1992 and 2015, with mean shifts exceeding 1.0 m

s-1. At the station located at 43.87°N, 126.53°E, an abrupt change was detected in 2012, with a mean shift even exceeding240

3.0 m s-1. Such abrupt changes were fairly common across observation stations. Approximately 40% of stations had at least

one analogous IB, with 2,776 breakpoints identified in total. Obviously, the sudden change in NSWS and its prolonged

persistence are highly questionable. Hence, the direct use of raw NSWS data could introduce significant uncertainties into

the results.

245
Figure 4. Temporal changes of raw wind speed observations from randomly selected 10 observed stations.

After quality control and homogenization, the long-term changes of the NSWS are shown in Figure 5. Homogenization

mainly adjusted the trend of the raw wind speed. At all observation times, the mean value of homogenized NSWS
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(Hom_NSWS) was higher than that of the raw observation. The mean wind speed increased by 0.2 m s–1 after

homogenization, with the largest increase found in period P1 (approximately 1980–1990), reaching 0.3 m s–1. The long-term250

variation in the raw observation was characterized by three distinct phases, identified using a piecewise linear regression

algorithm: a significant decline before approximately 1990 (P1), a slowed decline during 1990–2013 (P2), and a significant

increase during 2013–2023 (P3). However, when the same turning points derived from the raw observations were applied to

the Hom_NSWS, a markedly different trend was observed. During the P1 period, the Hom_NSWS and raw wind speeds

were nearly identical, with both trends ≤ −0.22 m s–1 decade–1 (p<0.05). During the P2 period, the Hom_NSWS showed a255

stronger decline than raw observations, by about 0.07 m s–1 decade–1 on average. During the P3 period, the homogenized and

raw observations showed trends opposite in sign, and the Hom_NSWS didn’t exhibit an increasing trend. The absence of a

recent recovery in Hom_NSWS is broadly consistent with the findings of Yan et al. (2026), which highlighted the sensitivity

of recent wind speed trends to inhomogeneity records, while differences in study periods, regions, and homogenization

methods may lead to some variation in the estimated trend. Overall, homogenization effectively corrected the biases in mean260
values and the trend of wind speed from inhomogeneities in the observational series. In particular, around 2010,

homogenization weakened the increasing trend in the raw observation.

Figure 5. Comparison of Hom_NSWS (red) and raw NSWS (green) from 1980 to 2023. The grey dashed line denotes the piecewise

linear regression fit, and the thin solid line represents the piecewise linear regression fit based on the mean NSWS from a265
randomly selected 40% of the stations (n=300). tp1 and tp2 indicate the statistically identified breakpoints derived from the

piecewise linear regression analysis. The insets show the linear trends for the three periods separated by tp1 and tp2. Dots indicate

trends that are significant at the 95% confidence level according to a two-tailed Student’s t-test.

https://doi.org/10.5194/essd-2026-806
Preprint. Discussion started: 12 November 2026
c© Author(s) 2026. CC BY 4.0 License.



12

4.2 Gridding of homogenized observation data over China based on PConvUNet

Figure 2 illustrates the framework of the PConvUNet model and the workflow used for gridding discrete station observations.270

Using an eight-year test subset randomly selected from the ERA5 reanalysis dataset (Fig. 6, a1–h1), we masked the grid

points without observation stations (Fig. 6, a2–h2) and then applied the trained PConvUNet model to reconstruct wind speed

at these points. Relative to the ERA5 reference data (0.25°×0.25°), the fixed-mask PConvUNet consistently captured fine-

scale NSWS patterns within the gridded domain across all test years (Fig. 6, a3–h3). Reconstructed NSWSs at all grid cells

were significantly positively correlated with the ERA5 reference values (Fig. 7, a1–h1). We further compared the fixed-mask275

PConvUNet with two alternative approaches: (i) a conventional random-mask strategy and (ii) widely used imputation and

interpolation methods, including random forest and bilinear interpolation. By comparison, the alternative methods showed

larger biases across the entire domain than the fixed-mask PConvUNet. The random-mask strategy failed to reproduce fine-

scale NSWS features, particularly in regions with sparse station coverage (Fig. 6a4–h4). Similarly, both random forest

imputation (Fig. 7, a3–h3) and bilinear interpolation (Fig. 7, a4–h4) performed less well in resolving localized wind speed280
features, especially over western China, where station density was low (Fig. 6, a5–h5, a6–h6), indicating that spatially

blurred reconstructions lack structural fidelity. Probability density analysis further supported these results. For all test years,

the fixed-mask PConvUNet achieved the lowest Kullback–Leibler (KL) divergence relative to the ERA5 reference values

(0.0052±0.0014), indicating the best performance in preserving the distribution characteristics of the data. In contrast, the

mean KL divergences of random forest and bilinear interpolation were 0.039±0.007 and 0.074±0.001, respectively, which285

were higher than those of PConvUNet (Fig. 8). Overall, these results indicate that the fixed-mask PConvUNet not only

captured fine-scale spatiotemporal characteristics of wind speed but also effectively preserved the statistical integrity of the

original distribution, including its tail behavior and high wind speed characteristics.
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Figure 6. Comparison of wind speed reconstructions from multiple methods against ERA5 reference data. (a1–h1) ERA5 reference290
fields. (a2–h2) The same ERA5 fields masked to retain only grid cells collocated with discrete stations. (a3–h3) Reconstructions

from the PConvUNet model trained with fixed binary masks. (a4–h4) Reconstructions from the PConvUNet model trained with

random binary masks. (a5–h5): random forest interpolation. (a6–h6): bilinear interpolation. (a–h) correspond to eight randomly

selected test years (1953, 1967, 1974, 1982, 1991, 2002, 2014, 2024), sampled at approximately decadal intervals.
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295

Figure 7. Residual analysis of wind speed reconstructions from four methods relative to ERA5 reanalysis data. (a1–h1) Results for

the PConvUNet with fixed binary masks. (a2–h2) Results for the PConvUNet with random binary masks. (a3–h3): random forest

interpolation. (a4–h4): bilinear interpolation. (a–h) correspond to eight independently selected test years (1953, 1967, 1974, 1982,

1991, 2002, 2014, 2024), spanning approximately decadal intervals to ensure temporal diversity and robustness.
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300

Figure 8. Probability density distributions of wind speed derived from different reconstruction methods. (a–h) correspond to eight

randomly selected years. Light blue solid lines denote ERA5 reference data; red solid lines denote outputs from the PConvUNet

trained with fixed masking; yellow dashed lines denote outputs from the PConvUNet trained with random masking; green dashed

lines denote the outputs from the random forest; dark blue dashed lines denote the outputs from bilinear interpolation. In the

insets, bars show the KL divergence between the outputs of each method and the ERA5 reference data.305

To assess the model’s generalization capability on unseen data, we applied it to the NCEP FNL dataset, which was masked

and processed following the same procedure as for the ERA5 test set. Similarly, PConvUNet outperformed the other

methods in reconstructing spatial features. In station-sparse regions such as the Tibetan Plateau, it better reproduced the fine-
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scale features of the FNL dataset (Fig. 9). Moreover, PConvUNet more accurately captured wind events across a range of

intensities in the unseen dataset (Fig. S2). Using the FNL analysis as ground truth, PConvUNet achieved the best310

performance across all five wind speed categories, with a mean absolute deviation of 0.61%, which was 1.16 percentage

points lower than the average of the second-best methods (1.77%), corresponding to a relative improvement of 65.5%. The

model exhibited modest advantages for calm and light air categories, but showed the strongest performance for wind events

≥8 m s-1 (Fig. S2), indicating its significance in reproducing strong wind events.

315
Figure 9. Generalization capability testing of the PConvUNet using the FNL dataset. (a) Spatial distribution of the mean values of

the original FNL data, (b) the spatial distribution of FNL data after masking according to regions with observational stations, (c)

gridding results generated by the PConvUNet. (d) and (e) are the same as (c), but for bilinear interpolation and random forest,

respectively.

We calculated the root mean square error (RMSE) and mean absolute error (MAE) between the reconstructed values and320

ERA5 true values across seven sub-regions. The error differences were then defined as the RMSE and MAE of bilinear

interpolation minus those of the PConvUNet, namely ΔRMSE and ΔMAE. A positive value indicates that PConvUNet

achieved a lower reconstruction error than bilinear interpolation. The results show that the PConvUNet consistently

outperformed bilinear interpolation over the sparse observation station coverage, such as the Tibetan Plateau and northwest

China (Fig. 10a–b). Compared to bilinear interpolation, based on PConvUNet, the RMSE and MAE in the Tibetan Plateau325

decreased by 0.35 and 0.2 m s–1, respectively; in northwest China, they decreased by 0.56 and 0.38 m s–1, respectively. To

quantify the advantage of the PConvUNet across station-sparse regions, we defined a Meteorological Station Area Density
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Index (MSADI; MSADI = Number of meteorological stations
(Regional area / Total area)∙100

). Lower (higher) MSADI values corresponded to sparser (denser)

observational station coverage within a region. For instance, the Tibetan Plateau and northwest China have large areas with

relatively few stations, yielding low MSADI values (3.78 and 3.09, respectively). In contrast, eastern China and southeastern330

China, characterized by small areas and high station density, exhibited high MSADI values (45.43 and 33.30, respectively).

Although both PConvUNet and bilinear interpolation exhibited increasing RMSE and MAE with decreasing MSADI, the

errors of the bilinear method in areas with sparse stations were higher than those of the PConvUNet. Meanwhile, the

uncertainty ranges of RMSE and MAE for the PConvUNet were also smaller than those of the bilinear interpolation (Fig.

10c–d), indicating that the PConvUNet is less sensitive to the deterioration of MSADI. Consequently, conducting data335
interpolation with the PConvUNet has higher reliability over areas with sparse stations compared to the traditional bilinear

interpolation.

Figure 10. Differences in the RMSE and MAE between interpolated wind speed estimates and ERA5 reference data across all

regions (a, b), and the RMSE and MAE of the interpolation data compared with the true values varied with MSADI in seven340
regions (c, d). Shading indicates the 95% confidence interval of the corresponding linear regression fits.

4.3 Robustness evaluation of the reconstructed gridding NSWS dataset

To evaluate the performance of PConvUNet in reconstructing wind fields over the regions lacking observational stations, we

applied the Hom_NSWS dataset as input to generate gridded wind speed estimates. Subsequently, we inverted the original

masking scheme by designating the locations of actual meteorological stations as missing (i.e., masked) pixels, thereby345
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constructing a controlled “reverse interpolation” test set. The resulting masked gridded data were then fed back into the

PConvUNet model for reconstruction. Importantly, for this experiment, the model was retrained under the inverted mask

configuration to ensure fair and robust evaluation. Results show that the spatial patterns of the reverse-interpolated wind

speed fields (Fig. 11, a2–d2) closely matched those of the Hom_NSWS across all four observation times (Fig. 11, a1–d1). At

the majority of stations, the RMSEs between reverse-interpolated wind speed and Hom_NSWS remain low across all four350

observation times (< 0.4 m s–1) (Fig. 11, a3–d3). Temporally, the reverse-interpolated sequences also exhibited strong

agreement with discrete station observations, with a mean bias of less than 0.05 m s–1 across all four times (Fig. 12).

Furthermore, Weibull distribution analysis revealed near-identical shape and scale parameters between the reverse-

interpolated datasets and original Hom_NSWS datasets, confirming preservation of wind speed distribution characteristics

without statistically significant deviation (insets in Fig. 12).355

Figure 11. Spatial patterns of the original station-based Hom_NSWS (a1–d1) and the reconstructed gridded Hom_NSWS inferred

by inputting the filled data into the PConvUNet model (a2–d2), together with their RMSE (a3–d3), during all four observation

times (02:00, 08:00, 14:00, and 20:00 BJT).
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360
Figure 12. Temporal evolution of reconstructed gridded Hom_NSWS at the stations inferred by inputting the filled data into the

PConvUNet model (GH_NSWS) (red lines) and the homogenized NSWS at stations (Hom_NSWS) (blue lines) at 02:00 BJT (a),

08:00 BJT (b), 14:00 BJT (c), and 20:00 BJT (d). Shading area represents the 95% uncertainty interval of the annual average wind

speed calculated after 300 tests with 40% randomly selected samples. The insets show the Weibull distributions of the GH-NSWS

and Hom_NSWS, and denote shape and scale parameters, respectively.365

Across seven regions, the station estimates reconstructed by PConvUNet exhibited broadly consistent error levels and

diurnal variations (Fig. 13). Spatially, the RMSEs for the seven regions were consistently concentrated around 0.3 m s–1, and

the mean differences were near 0 m s–1. Quantitatively, Northeast China and the Tibetan Plateau showed the highest

reconstruction accuracy, with average RMSE across the four observation times of only 0.36 and 0.37 m s–1, respectively.

East and Southeast China exhibited the lowest accuracy, with average RMSE of 0.50 and 0.52 m s–1, respectively. This may370

be attributed to the larger areas of missing data created by masking station locations in these station-dense regions, which

made reconstruction more challenging. Temporally, the RMSE at 14:00 BJT was 0.15m s–1 higher than at the other

observation times. Overall, the error distributions across regions remain non-significant, and the influence of spatial

differences on model uncertainty was limited, indicating that the PConvUNet exhibits high robustness in gridding discrete

station observations.375
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Figure 13. Comparison of RMSE and bias between reconstructed and Hom_NSWS at four observation times across seven regions

in China. Each subplot corresponds to a specific region. Four distinct hatching patterns represent different observation times: no

hatching indicates 02:00 BJT, slashes denote 08:00 BJT, cross-hatching signifies 14:00 BJT, and dots represent 20:00 BJT. The

horizontal dashed line in each subplot indicates the zero-bias line.380

5 Conclusions and Discussions

This study develops the SgriWind-CN dataset by integrating NSWS observations over China. Through systematic quality

control and homogenization correction, specifically addressing IBs induced by instrument changes, station relocations, and

other non-climatic factors, the climatic consistency of wind speed observations is improved. Meanwhile, a deep learning

model, PConvUNet, is then applied to fuse the ERA5 reanalysis spatial fields with wind speed observations, achieving high-385

resolution gridded NSWS data. The main results are summarized as follows.

1. Based on 1,498 station records, the first sub-daily, homogenized NSWS dataset across China was developed at a spatial

resolution of 0.25° × 0.25° for 1980–2023.
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2. More than 40% of the stations exhibited IBs during homogenization. After homogenization, the mean NSWS increased by

0.2 m s–1, and the overall declining trend was intensified.390

3. Comparative validations and evaluations show that the PConvUNet model markedly outperforms conventional

interpolation methods in reconstructing the wind field, especially over the regions with complex terrain and sparse stations,

where RMSE and MAE were reduced by 0.45 and 0.29 m s–1, respectively.

4. The wind speeds reconstructed by PConvUNet show strong agreement with the observations in both temporal variation

and spatial distribution, with a mean bias of less than 0.05 m s–1. These results demonstrate that the model can accurately395

capture spatiotemporal characteristics of the station observations.

It should be noted that this study only addresses non-climatic IBs and spatial reconstruction but does not fill temporal gaps in

the observational records; consequently, this may lead to a deviation when calculating the daily mean NSWS. Meanwhile,

this study employs a partial convolutional neural network for spatial field reconstruction. It can only learn the spatial

correlations from reanalysis data and lacks physics-informed constraint capabilities. Future work needs to integrate multi-400
source data fusion techniques, including reanalysis, satellite-derived winds, and relevant covariates, to reconstruct missing

values and enhance coverage in data-sparse regions, thereby generating a more complete, continuous, and physically

consistent NSWS record to support both fundamental research and operational applications.

Code and data availability

SgriWind-CN is publicly available at Zenodo: https://doi.org/10.5281/zenodo.22812484 (Bai et al., 2026). It provides405

gridded 10 m near-surface wind speed data over China at a spatial resolution of 0.25°×0.25°. The dataset also includes

surface roughness, land-cover type, elevation, latitude, and longitude. All data are provided in NetCDF format.
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