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Abstract Marine boundary layer jets (MBLJs) over the South China Sea (SCS) play a critical role in coastal
heavy rainfall, yet their structure remains uncertain due to limited wind observations over the ocean. Here, we
develop a U‐Net–based reconstruction framework to estimate 950‐hPa winds from satellite‐derived sea surface
winds, providing a satellite‐driven depiction of MBLJs. The model is trained using four decades of ERA5 data
and evaluated against independent shipborne Doppler wind LiDAR observations. Relative to ERA5, the
reconstructed winds reduce RMSE from 3.34 to 2.69 m s− 1 for wind speed and from 2.87 to 2.45 m s− 1 for
meridional wind. During identified MBLJ events, the reconstruction produces stronger and more spatially
extensive jets than ERA5. These results demonstrate that satellite‐informed machine learning can effectively
mitigate systematic underestimation of MBLJs in reanalysis products and improve representation of boundary‐
layer winds over data‐sparse oceanic regions.

Plain Language Summary Over the South China Sea, fast‐moving low‐level winds, called marine
boundary layer jets (MBLJs), often trigger heavy rainfall along the coast of southern China. Direct
measurements of these winds over the ocean are rare, leaving their strength and vertical structure poorly
understood. As a result, weather models often struggle to represent MBLJs accurately, leading to errors in
coastal rainfall forecasts. In this study, we use a deep learning model to estimate winds a few hundred meters
above the ocean by using satellite observations of surface winds. When tested against ship‐based wind
measurements, the new method performs better than a widely used weather data set (ERA5), especially in
capturing the strength of these jets. This approach provides a practical way to map low‐level winds over large
ocean areas where traditional observations are scarce.

1. Introduction
Boundary layer jets (BLJs) are strong low‐level wind maxima that form below ∼1 km in altitude, typically
exceeding 10 m s− 1 (Du & Rotunno, 2014; Stensrud, 1996). Characterized by pronounced vertical wind shear and
a distinct nocturnal intensification, BLJs frequently develop over the northern South China Sea and play a crucial
role in modulating coastal and inland rainfall across South China (Du & Chen, 2018, 2019; X. Zhang et al., 2024).
By transporting warm, moist air inland and enhancing low‐level convergence, marine BLJs (MBLJs) provide
favorable dynamical and thermodynamic conditions for the initiation and intensification of rainfall (Chen
et al., 2017; Du et al., 2022; Du & Chen, 2019; Fu et al., 2025; Luo & Du, 2023; H. Yang et al., 2025).

Most previous studies of MBLJs rely primarily on reanalysis data sets, particularly ERA5 (Du & Yi, 2025; Z. Li
et al., 2020; Luo & Du, 2023). However, shipborne observations over the South China Sea indicate that reanalysis
products substantially underestimate both the frequency and intensity of MBLJs due to the scarcity of direct low‐
level wind measurements over the ocean (Zhang et al., 2024). These deficiencies propagate errors into numerical
model initializations and forecasts (Y. Lin & Du, 2025; M. Zhang & Meng, 2019; X. Zhang et al., 2024).
Although recent advances in satellite wind retrieval, such as Europe's Aeolus mission employing active LiDAR
measurements and the derivation of atmospheric motion vectors (AMVs) from passive sensors, improve
tropospheric wind monitoring, both approaches remain inadequate for resolving MBLJs. Aeolus suffers from
limited accuracy near the surface (Lukens et al., 2022; Witschas et al., 2020), while AMVs exhibit uncertainties in
wind height assignment and cloud tracking (Ma et al., 2021; Velden & Bedka, 2009). This persistent
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observational gap motivates the development of novel approaches to reconstruct low‐level winds over oceanic
regions, which is essential for achieving a more realistic depiction of MBLJs and their associated impacts.

Scatterometer‐derived sea surface winds provide a valuable constraint on low‐level dynamics (Mears
et al., 2022). These instruments transmit microwave pulses, typically in the C‐ or Ku‐band, toward the sea surface
and retrieve surface wind speed and direction from the backscattered signals caused by surface roughness
(Fetterer et al., 2002). With reasonable retrieval accuracy (Z. Wang et al., 2021; X. Yang et al., 2011), scatter-
ometer data are widely used in weather forecasting, oceanography research, and climate monitoring (Atlas
et al., 2001; Chang et al., 2009; Chelton et al., 2006). Because atmospheric fields are spatially continuous, sea
surface winds are generally correlated with winds aloft, as governed by boundary‐layer dynamics (C. Lin
et al., 2013; Shreffler, 1982). However, the vertical separation between the ocean surface and the typical height of
MBLJs near 950 hPa introduces a highly nonlinear relationship that is difficult to express analytically. Never-
theless, the potential to infer boundary‐layer wind structures from sea surface winds remains significant but
largely unexplored, motivating the development of data‐driven machine learning approaches to bridge this gap.

Recent advances in artificial intelligence (AI) have enabled reconstruction of complex nonlinear atmospheric
fields, from global forecasting systems to high‐resolution field mapping (Bi et al., 2023; Sun et al., 2025; Xie
et al., 2022). Building on these developments, this study proposes a deep learning framework to reconstruct
MBLJs over the South China Sea using satellite‐derived sea surface wind observations. The framework learns the
physical linkage between surface and boundary‐layer winds, providing improved estimates of low‐level wind
structures that are often misrepresented in reanalysis. By integrating satellite observations and reanalysis data, the
approach bridges the observational gap over the ocean and enhances depictions of MBLJ intensity and spatial
distribution. The reconstructed wind fields are validated against independent observations to assess their ability to
capture essential dynamical features of MBLJs.

2. Data
2.1. Reanalysis Data

ERA5 reanalysis data (1979–2024) were employed for model training, validation, and testing. Data from 1979 to
2016 were used for training, 2017 to 2020 for validation, and 2021 to 2024 for testing. This temporal division was
adopted to reduce cross‐set correlations, given strong spatial and temporal autocorrelations in atmospheric
variables. Input variables consist of 10‐m zonal (u) and meridional (v) wind components, and outputs are the
corresponding u and v wind components at 950 hPa. The ERA5 data set provides wind fields at a horizontal
resolution of 0.25◦ × 0.25◦ and 1‐hr temporal resolution (Hersbach et al., 2018).

2.2. Satellite Data

The satellite‐derived sea surface wind data used in this study are Level 2B near‐real‐time wind vectors from the
HY‐2B microwave scatterometer (M. Lin et al., 2013; X. Wang et al., 2012; Xing et al., 2016). The data set has a
spatial resolution of 25 × 25 km and provides twice‐daily global coverage. Winds are retrieved using the
maximum likelihood estimation method, with an accuracy of 2 m s− 1 or 10% for wind speed (X. Li et al., 2022).
The data were obtained from the National Satellite Ocean Application Service (NSOAS). To ensure data quality,
retrievals contaminated by rainfall and flagged as unreliable were excluded. These satellite wind observations
were not assimilated into any reanalysis data sets and were not used during model training; instead, they were
employed as independent inputs to assess model performance in practical applications.

2.3. Research Vessel Data

Shipborne LiDAR data from the research vessel Tan Kah Kee were used for independent validation. The LiDAR
provides vertical wind profiles at ∼25‐m vertical resolution and 5‐min temporal resolution. Observations
correspond to a May–June 2021 cruise covering the northern South China Sea, where MBLJs frequently occur.

In addition, radiosonde observations launched from the Sun Yat‐sen University research vessel were included.
Balloons were released every six hours from 14:00 LST on 15 June to 08:00 LST on 16 June, and every three
hours from 14:00 LST on 17 June to 23:00 LST on 18 June, during a scientific expedition conducted from 15
to 18 June 2022.
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These in situ observations were not assimilated into any reanalysis data sets and were not used in model training,
ensuring their independence for validation. To ensure temporal and spatial consistency with model outputs, all
observations and ERA5 reanalysis were matched within ±30 min of the satellite overpass. Only observations
closest to the 950‐hPa level were selected for comparison.

2.4. Domain of Interest

The analysis domain covers the northern South China Sea (Figure 1b), encompassing the primary hotspot of
southerly MBLJs (Du et al., 2022) and the coastal–offshore environment relevant to MBLJ formation. Satellite‐
based reconstruction and model–observation comparisons are confined to this region. Within this broader region,
MBLJ events are identified over a focused subregion (18–21◦N, 111–113◦E), corresponding to the core hotspot of
southerly MBLJs. Detailed identification criteria are provided in Section 3.4.

Figure 1. (a) Architecture of the U‐Net model used to reconstruct boundary‐layer winds. (b) Workflow for generating 950‐hPa wind fields from satellite‐derived sea
surface winds (SSW) and ERA5 10‐m winds. The model architecture is adapted from Chase et al. (2023).
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3. Methods
3.1. Deep Learning Framework

This study employs a U‐Net‐based deep learning framework to reconstruct boundary‐layer winds from surface
winds. U‐Net is a widely used convolutional neural network (CNN) architecture known for its strong capability in
spatial feature extraction and multiscale representation (Gu et al., 2018; LeCun & Bengio, 1998). U‐Net is a
modified fully convolutional network that maps input images to output images of the same size through a
symmetric encoder–decoder structure (Ronneberger et al., 2015). This architecture effectively captures both local
and large‐scale spatial dependencies, making it well suited for our objective of mapping surface (10 m) wind
fields to their corresponding boundary‐layer (950 hPa) winds.

3.2. Model Architecture and Training

The U‐Net architecture is illustrated in Figure 1a. The inputs consist of the u and v components of 10‐m winds.
The encoder includes two stages of downsampling, each with two convolutional layers followed by activation
functions and a max‐pooling operation. The decoder mirrors this structure through two upsampling stages,
including convolutional and activation layers, as well as skip connections to retain fine‐scale spatial information
removed during downsampling. A final 1 × 1 convolution layer produces two output channels representing the
950‐hPa u and v components.

All input and output variables are normalized to improve training stability and convergence. The model is trained
with a batch size of 64 using the Adam algorithm and the Huber loss function, which is less sensitive to outliers
and well suited for geophysical data sets (Xie et al., 2022). To further enhance training efficiency, a Reduc-
eLROnPlateau learning‐rate scheduler is applied to dynamically adjust the learning rate when the validation loss
plateaus, using a reduction factor of 0.5 and a patience of 5 epochs.

3.3. Inference With Satellite and Reanalysis Inputs

After training, the model performs inference using a combination of satellite‐derived and ERA5 10‐m winds. HY‐
2B scatterometer observations provide sea surface wind vectors retrieved using a maximum‐likelihood estimation
algorithm. HY‐2B winds are bilinearly interpolated to the ERA5 grid to ensure spatial consistency. Given
directional uncertainties in scatterometer winds, only wind speeds from HY‐2B are used, while wind directions
are taken from ERA5. Data gaps, resulting from rain‐contaminated observations and from reduced data avail-
ability over land and coastal regions due to orbital sampling limitations, were filled using ERA5 wind fields from
the closest temporal match. The trained U‐Net then reconstructs the corresponding 950‐in the representation hPa
winds (Figure 1b).

3.4. Criteria for Identifying MBLJs

MBLJs are identified following established criteria (Du & Chen, 2019; Du & Rotunno, 2014; Du et al., 2022; Tu
et al., 2019):

1. Maximum wind speed exceeds 10 m s− 1 within the lowest 100‐hPa layer above the surface;
2. Wind speed decreases by at least 3 m s− 1 from the jet‐level maximum to the minimum above it, below 600 hPa.
3. The meridional wind component at the jet core level is positive.

Over the northern South China Sea (18◦–21◦N, 111◦–113◦E), an MBLJ event is defined when >50% of grid
points satisfy the above criteria, with no minimum duration required.

4. Results and Discussion
4.1. Model Performance

We first evaluate the trained model on the test data set to assess both its ability to capture the learned relationships
and its generalization to unseen samples. Overall, the model demonstrates stable convergence and strong pre-
dictive skill across all evaluation cases.

As shown in Figure 2, the reconstructed 950‐hPa wind fields closely match the reference data for wind speed and
the u and v components. This demonstrates that the U‐Net successfully learns the nonlinear mapping between the
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10‐m surface winds and boundary‐layer winds. The correlation coefficients exceed 0.99 for both u (0.992) and v
(0.994), and reach 0.984 for wind speed, indicating excellent agreement between predictions and targets. Mean
bias error (MBE) values are very small (<0.03 m s− 1), with u bias nearly zero (0.003 m s− 1). Mean absolute error
(MAE) values remain below 0.6 m s− 1, and RMSE values stay below 0.8 m s− 1. Because wind speed is a
nonlinear combination of u and v, its errors are slightly larger than those of the individual components.

These results confirm that the model reliably reconstructs the 950‐hPa wind field and performs robustly across the
full test data set. While the evaluation using reanalysis data demonstrates strong model skill, assessing real‐world
applicability requires driving the model with satellite‐observed sea surface winds and validating the reconstructed
winds against independent measurements. The next section presents these results.

4.2. Independent Validation Using Observations

Figure 3 compares the U‐Net‐reconstructed winds, ERA5 reanalysis, and independent observations at 950 hPa.
Overall, all three data sets exhibit similar variability from case to case. However, the U‐Net reconstruction more
closely follows the observed evolution than ERA5, particularly for the v component and total wind speed.

A quantitative evaluation further confirms these improvements. Relative to ERA5, the U‐Net model consistently
exhibits reduced errors in both wind components. For the u component, RMSE value decreases from 3.38 m s− 1

(ERA5) to 2.91 m s− 1, while MAE value declines from 2.43 m s− 1 to 2.33 m s− 1, indicating improved repre-
sentation of zonal wind variability. Similarly, for the v component, RMSE value is reduced from 2.87 m s− 1 to
2.45 m s− 1 and MAE value from 2.30 m s− 1 to 1.88 m s− 1, reflecting a substantial improvement in the repre-
sentation of meridional wind variability. Wind speed errors are also reduced, with RMSE value decreasing from
3.34 m s− 1 to 2.69 m s− 1 and MAE value from 2.37 m s− 1 to 2.08 m s− 1. The improvement is most pronounced
under stronger wind conditions (>5 m s− 1), where U‐Net predictions show closer agreement with observations
than ERA5, highlighting the model's enhanced capability in capturing high‐wind regimes. In addition, correlation
coefficients are consistently higher for U‐Net than for ERA5 across all variables, indicating improved consistency
with observed wind variability.

Overall, the U‐Net reconstruction provides a more accurate depiction of 950‐hPa winds than ERA5, particularly
for meridional flow and high‐wind regimes associated with MBLJs. These results demonstrate the value of the
satellite‐driven machine learning approach for improving low‐level wind estimates in offshore regions where in
situ observations are sparse.

4.3. MBLJ Characteristics From Reconstructed Wind Fields

Following independent validation against shipborne LiDAR observations, the trained U‐Net model was driven by
the HY‐2B sea surface wind data set from July 2019 to December 2023 to reconstruct 950‐hPa wind fields. For the
same period, MBLJ events were identified from ERA5 using the criteria described in Section 3.4, yielding a total

Figure 2. Density scatter plots comparing model outputs with target values for (a) wind speed, (b) u component, and (c) v component at 950 hPa in the test set (ERA5
reanalysis data from 2021 to 2024). Statistical metrics include the correlation coefficient (R), bias, mean absolute error (MAE), and root‐mean‐square error (RMSE).
The sample size is N = 65,639,808.
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of 105 events. The reconstructed MBLJs based on satellite inputs were then compared with their ERA5 coun-
terparts to assess differences in jet intensity and spatial structure.

Figure 4 shows that the satellite‐based model outputs (SAT) generally produce stronger and more spatially
extensive MBLJs than ERA5. Event‐mean wind speeds at 950 hPa, defined as the spatial average over the MBLJ
region for each snapshot associated with an identified event, are larger in SAT for nearly all events, with a mean

Figure 3. Comparisons of 950‐hPa winds from the U‐Net reconstruction, ERA5 reanalysis, and ship‐based LiDAR observations for (a) u component, (b) v component,
and (c) wind speed.

Figure 4. Comparisons of MBLJ characteristics derived from HY‐2B‐driven reconstructions (SAT) and ERA5 reanalysis for 105 identified MBLJ events: (a) event‐
mean wind speed, (b) event‐mean meridional wind, and (c) the number of grid points with wind speeds exceeding 10 m s− 1 within the MBLJ domain (18◦–21◦N,
111◦–113◦E). Each point represents one event. The dashed line denotes the 1:1 reference.
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enhancement of about 10.1%, indicating a systematic intensification of the reconstructed jets. The meridional
wind component exhibits a similar behavior, with SAT values exceeding those of ERA5 by approximately 11.7%,
while retaining comparable event‐to‐event variability. This enhancement suggests that the reconstruction more
effectively captures the southerly momentum surges characteristic of MBLJs over the northern South China Sea.

Differences are also evident in the jet spatial extent. The SAT identifies a larger area with wind speeds exceeding
10 m s− 1 within the MBLJ detection domain, yielding a mean increase of 17.5% in the number of grid points
relative to ERA5. Although MBLJ identification requires that more than 50% of the domain satisfy the jet criteria,
some ERA5 events display fewer than 59 grid points (50% of the detection domain) above the 10 m s− 1 threshold
in Figure 4. This discrepancy arises because the detection algorithm considers the maximum wind within the

Figure 5. Comparison of surface and 950‐hPa wind fields for a representative MBLJ event. Panels (a)–(c) show the 10‐m winds from the satellite‐based model input,
ERA5, and their difference (SAT minus ERA5), respectively. Panels (d)–(f) present the corresponding 950‐hPa winds from the model output, ERA5, and their
difference. Shading indicates wind speed (m s− 1), and vectors denote horizontal wind direction.
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lowest 100‐hPa layer, whereas Figure 4 compares winds strictly at 950 hPa. Consequently, ERA5 may slightly
underestimate jet extent when the maximum winds occur below 950 hPa.

To illustrate the structural differences, Figure 5 shows a representative MBLJ event. At the sea surface, the
satellite‐based model input shows a well‐organized southwesterly jet core extending from the central basin toward
the northern shelf, whereas ERA5 exhibits a weaker and smoother flow. Positive differences of 0.5–2 m s− 1 along
the jet axis highlight ERA5's underestimation of near‐surface wind speeds. This improvement becomes more
pronounced at 950 hPa: the U‐Net reconstruction yields a broader and more intense jet core than ERA5, with
positive differences frequently reaching 1–3 m s− 1. The largest enhancements occur over the continental shelf and
offshore Guangdong and Hainan, aligning well with the intensified sea surface winds.

Despite the use of merged surface wind inputs near the coast, the reconstructed 950‐hPa wind field remains
spatially coherent and does not exhibit spurious small‐scale convergence features (Figures 5a and 5d), indicating
that the model suppresses discontinuities in the input rather than directly propagating them. In addition, the
enhanced 950‐hPa winds do not always coincide exactly with the surface wind maxima and can extend into
adjacent regions where the surface wind field is partly filled with reanalysis data. Such spatial offsets, also evident
in the reanalysis data set (Figures 5b and 5e), reflect the dynamical adjustment between surface winds and
boundary‐layer circulation, rather than artifacts introduced by the merged input.

Overall, the satellite‐driven reconstruction produces MBLJs that are stronger and broader than those represented
in ERA5. These results suggest that satellite‐driven machine learning reconstruction can effectively mitigate the
systematic underestimation of MBLJ intensity and spatial extent in reanalysis products, particularly in data‐sparse
marine environments.

5. Conclusions
This study develops a deep learning framework to reconstruct marine boundary layer jets (MBLJs) over the
northern South China Sea using satellite‐derived sea surface winds. A U‐Net model, trained on multi‐decadal
ERA5 data, is driven by HY‐2B scatterometer observations to generate 950‐hPa wind fields, corresponding to
typical MBLJ heights. Validation against independent measurements demonstrates that the reconstructed winds
substantially reduce errors relative to ERA5, particularly for the meridional (v) component and total wind speed.
Specifically, RMSE and MAE for v decrease from 2.87 and 2.30 m s− 1 to 2.45 m s− 1 and 1.88 m s− 1. For total
wind speed, RMSE and MAE values decrease from 3.34 and 2.37 m s− 1 to 2.69 and 2.08 m s− 1, indicating
improved capture of meridional variability and jet intensity. The reconstructed winds also enhance the spatial
extent of MBLJs. Jet‐event‐based evaluations using HY‐2B data from 2019 to 2023 further show that the satellite‐
driven reconstruction systematically strengthens and expands MBLJs, effectively mitigating the longstanding
underestimation of jet strength in reanalysis products over this data‐sparse marine region. Although MBLJs occur
predominantly during the warm season, sensitivity experiments show that restricting training to warm‐season
samples does not improve performance (not shown). In the warm‐season‐only experiment, the reconstruction
skill for zonal wind and wind speed remains comparable, whereas the meridional wind error increases. This
highlights the importance of using year‐round data to provide diverse dynamical constraints and improve the
model's generalization, leading to more robust and physically consistent reconstructions.

The primary innovation of this study is the integration of satellite sea surface wind observations with a machine‐
learning–based vertical reconstruction approach to recover MBLJ structures poorly represented in reanalysis. By
leveraging sea surface winds to infer boundary‐layer winds, this framework offers a practical pathway for
improving low‐level wind analyses in regions lacking direct observations. The approach shows promise for
enhancing operational analyses, advancing understanding of MBLJ‐related heavy rainfall, and supporting future
data assimilation systems that combine satellite winds with ML‐based vertical inference.

Several limitations highlight opportunities for future research. Relying on a single scatterometer platform (HY‐
2B) inevitably constrains temporal coverage. Incorporating additional satellites such as HY‐2C/D and Fengyun‐
series scatterometers would enhance both sampling frequency and reconstruction robustness. Moreover, the
current framework focuses on wind reconstruction at a single pressure level (950 hPa). Although many MBLJs
peak near this height, others may occur at 975 or 925 hPa. Extending the model to three‐dimensional boundary‐
layer wind fields would enable a more complete depiction of vertical variability and jet evolution. Additionally,
scatterometer winds remain vulnerable to rain contamination. The integration of Synthetic Aperture Radar
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(SAR)‐derived winds and other satellite observations could further improve low‐level wind quality and the re-
alism of reconstructed MBLJ features.
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