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ABSTRACT

The forecasting of clear-air wind shear presents a significant challenge in aviation meteorology. To improve the accuracy of wind
shear identification and forecasting using coherent Doppler wind lidar, this study proposes an advanced method for identifying
and forecasting wind shear and shear line. The method first performs point-by-point sliding traversal of potential wind shear
along the radial and tangential direction based on retrieved two-dimensional wind vector. Subsequently, shear points are identi-
fied and extracted by the wind vector, and spatial clustering analysis is applied to reconstruct low-level wind shear line. Finally,
the movement of wind shear line is forecasted with the average wind vector in the guidance region of shear line segments. This
study simulated two simplified wind shear scenarios that retain key wind field features: gust front passage and divergent air-
flow. It compared the identification and forecasting performance of wind shear and shear line based on radial speed and two-
dimensional wind vector. Results demonstrated that under controlled kinematic conditions, the two-dimensional wind vector
method provides more accurate identification and improved forecast precision. The proposed method effectively identified and
forecasted shear lines induced by gust front and severe convection in the airport field experiments. This study provides technical
support for airport low-level wind shear early warning and flight safety assurance.

1 | Introduction improving the accuracy of wind shear identification and achiev-
ing effective early warning are crucial for ensuring aviation
safety, reducing property losses, and enhancing flight efficiency

(Nechaj et al. 2019; Borsky and Unterberger 2019).

Wind shear is typically defined as a sudden, significant change
in wind speed or direction either vertically or horizontally
(ICAO 2005). The shear line refers to a narrow, concentrated

wind shear region with wind field discontinuity (characterized Common atmospheric wind field detection equipment such as

by significant velocity or wind direction gradients). Wind shear,
a hidden hazard for low-altitude flight, is prone to causing air-
craft stalling, loss of control, and even safety accidents, posing
a significant threat to civil aviation and low-altitude operations
(Anthony and Derek 2019; Hallowell and Cho 2010). Low-level
wind shear is characterized by small scales and rapid varia-
tions. Forecasting its movement trajectory and impact range
remains challenging even if real-time signals are captured, leav-
ing extremely limited time for aircraft adjustments. Therefore,

surface anemometers, wind profilers, Doppler weather radars,
and Doppler wind lidars all provide key technical support
for real-time detection of wind shear (Zrni¢ et al. 1985; Zhao
et al. 2021;Zhao and Shan 2022; Li et al. 2020; Zhou et al. 2018;
Hon and Chan 2014). Doppler weather radar can effectively
detect aerosol particles within precipitation systems, offering
significant advantages in identifying mesoscale shear lines
such as convergence lines and fronts (Yuan et al. 2018; Hwang
et al. 2017; Zheng et al. 2014). Lidar with high spatiotemporal
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resolution is capable of providing accurate Doppler wind mea-
surements (Wang et al. 2024, 2021, 2025; Iwai et al. 2011),
thus playing a crucial role in clear-air wind shear detection
(Huang et al. 2024; Zhao et al. 2025; Zhang et al. 2019; Hon
and Chan 2014). With the rapid advancement of artificial in-
telligence, various models have been widely applied in wind
shear identification research, significantly improving the ef-
ficiency of shear line identification (Biard and Kunkel 2019;
Cai et al. 2021; Tian et al. 2024). Although these technologies
have achieved effective identification of low-level wind shear,
research on the forecast of wind shear and shear line remains
limited.

Accurate wind shear forecasting is crucial for enhancing avia-
tion safety. Early shear line forecast methods are mostly based
on numerical models, weather radar network data, and so
forth, employing linear extrapolation to achieve medium-to-
short-term forecasts (Qian et al. 2013; Browning et al. 1982).
Machine learning algorithms demonstrate significant poten-
tial in handling complex non-linear relationships, offering a
more effective technical method for shear line forecast (Liu
et al. 2012; Coburn et al. 2022; Lagerquist et al. 2019; Khattak
et al. 2024). However, existing studies mainly focus on shear
line forecast for mesoscale systems, and exploration in the
field of smaller-scale (1-20 km) clear-air shear line systems is
particularly insufficient.

In previous work, effective identification of low-level wind shear
and shear line was achieved by combining a dual filtering mech-
anism with shear points clustering analysis, enabling forecast
of approximately 25 min in urban wind field (Chen et al. 2025).
However, this method relies solely on radial speed data. Regions
where wind shear is parallel to the lidar radial direction can-
not be identified, resulting in incomplete shear line identifica-
tion. Meanwhile, discrepancies exist between the radial speed
and the actual horizontal wind speed, which induce positional
deviations in shear line identification and thereby compromise

forecast accuracy. Therefore, developing a more reliable and ac-
curate method for wind shear and shear line identification and
forecast remains an urgent challenge at this stage.

To further improve the identification accuracy and forecast
precision of wind shear using lidar, this study proposes an ad-
vanced method for wind shear and shear line identification and
forecast based on two-dimensional (2D) wind vector. The rest
of this paper is organized as follows: Section 2 elaborates on the
theoretical basis of the proposed method. Section 3 compares
the wind shear identification and forecast performance of 2D
wind vector versus radial speed through typical wind shear field
simulations. Section 4 verifies the effectiveness of the method
through airport wind shear identification and forecasting ex-
periments. Section 5 provides discussion and conclusion. In this
paper, LST (local standard time, LST=UTC + 8) is used.

2 | Method

This study proposes a method for identifying and forecasting
wind shear and shear line based on 2D wind vector. It identi-
fies potential wind shear ramps by performing point-by-point
sliding traversal along the radial and tangential direction. Wind
shear line is derived by extracting and clustering shear points
by wind vector. Movement forecast is achieved using the aver-
age wind speed within the shear line guidance region. Figure 1
shows the flowchart of the proposed method, with the main
steps summarized as follows:

Step 1. Wind shear ramps are extracted and identified using
an orthogonal direction vector ramp detecting method. First,
the 2D wind vector is retrieved from radial speed detected by
lidar with the variational method (Chan and Shao 2007; Yuan
et al. 2022). The variational method, grounded in atmospheric
mass and spatial continuity, retrieves the 2D wind vector by
minimizing a cost function comprising background, radial
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FIGURE1 | The flowchart of wind shear and shear line identification and forecast.
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observation, spatial smoothing, and momentum conservation
terms. This effectively resolves the inherent ill-posed nature of
wind retrieval from radial speed, ensuring the retrieved wind
field is observationally consistent and physically coherent.

Due to signal attenuation in the atmospheric medium and beam
blockages, wind speed data are prone to missing values, leading to
data gaps or anomalies that can interfere with the identification of
valid wind shear. Therefore, effective interpolation of missing data
is required to enhance the accuracy of wind shear identification.
Based on the K-neighborhood frequency method (Xu et al. 2023),
which has been widely applied in lidar wind field quality control.
Specifically, an M x N neighborhood window is centered at each
missing point. All valid wind speed data within the window are
divided evenly into P intervals, and the distribution frequency of
each interval is calculated. Here, X,y denotes the maximum fre-
quency among all intervals, V;, is the middle wind speed of the cor-
responding interval, and K serves as the triggering threshold for
interpolation. Interpolation is performed only when Xy,x > K. An
excessively large K makes most missing points un-interpolatable
and reduces the spatial integrity of the wind field. By contrast, an
overly small K may lead to over-filling with sparse samples and
introduce wind field errors. Considering the typical spatial scale of
low-level wind shear and the resolution of the lidar, a 3 3 window
with P set to 10 and K set to 5 (i.e., where more than 60% of the
points within the window are valid) is generally considered the op-
timal parameter configuration. To balance the continuity of wind
field characteristics with the authenticity of abrupt signal changes,
data interpolation is primarily conducted in two aspects. If the
variation in wind speed within the window is too great, the middle
wind speed V} is adopted for reliable interpolation; otherwise, bi-
linear interpolation is applied instead.

Compared to the traditional scalar ramp detecting method that
identifies only in fixed directions, this study adopts an orthogo-
nal direction vector ramp detecting method to identify potential
wind shear. The 2D wind speeds are extracted along the radial
and tangential directions, progressively extending the detection
length from the minimum ramp length to traverse all potential
wind shear ramps point-by-point. Wind shear ramps refer to
distance segments with wind vector variations. The wind vector
difference can be expressed as:

AV =V(i+d) -V () @

where AV is wind vector difference of wind shear ramp; i is the
index for wind speed, d is the ramp detection length. In con-
sideration of the lidar range resolution, which typically ranges
from 30 to 150 m, the minimum ramp detection length d is set
to 300m as a physically constrained lower limit. The method
performs a full-scale search of the wind shear ramps above min-
imum length. If focusing only on larger-scale wind shear events,
this minimum length can be increased accordingly. The corre-
sponding ramp magnitude A V' is expressed as:

AV = [u@+d)—u@®))’ +wi+d)—v(D)*] : )

u and v are latitudinal and longitudinal wind components,
which can be retrieved by the 2D variational method (Chan and
Shao 2007; Yuan et al. 2022). Wind shear is essentially the spa-
tial gradient of wind vector, whose intensity depends on both

wind speed and direction differences. Compared to traditional
method, this formula directly calculates wind vector difference
by integrating both latitudinal and longitudinal winds, compre-
hensively accounting for wind shear caused by wind speed and
direction discontinuities. It thus provides a more objective quan-
tification of the true intensity of wind shear.

Step 2. Identifying wind shear line through shear points ex-
traction and cluster analysis. Extracting shear points of all
potential wind shear ramps based on wind vector. Compute
the wind vector difference point-by-point, identifying the
discontinuity in wind speed as shear point. If no significant
wind speed abrupt change within the ramp, the wind direc-
tion abrupt change point shall be extracted using the retrieved
horizontal wind direction. If neither exhibits abrupt change
characteristics, the center point of the ramp is defined as the
shear point.

Compared to the previous method relying solely on the sign
of radial speed (positive values indicating motion toward the
lidar, negative values indicating motion away from the lidar)
to determine abrupt changes, this study locates shear points
based on the abrupt change characteristics of 2D wind vector.
It enables more accurate spatial positioning of shear points,
thereby effectively enhancing the accuracy of wind shear line
identification.

Wind shear with multiple scales is widely prevalent in complex
atmospheric environments. Wind shear line serves as a typical
wind shear system with significant spatial continuity, which
is susceptible to interference from isolated or scattered wind
shear during position identification. Therefore, performing clus-
ter analysis on shear points to extract continuously distributed
wind shear is crucial for identifying shear line. On the one hand,
adjacent effective shear points with linear spatial characteristics
are aggregated; on the other hand, it also filters out isolated
noise points. The clustering algorithm is as follows: First, obtain
the Cartesian position coordinates of all shear points. An initial
shear point is randomly selected as the cluster center, around
which a circular region with radius R ;, (minimum distance
threshold) is defined. Unclassified shear points within this re-
gion are merged into the cluster, and continue searching around
each new point while excluding classified ones until all points
are clustered.

After clustering analysis, the resulting clusters include not
only the linear feature clusters but also invalid clusters. Firstly,
a threshold for the minimum number of shear points in clus-
ter is set to exclude small clusters. Then, the estimated curve
length of each cluster is calculated using distance formula.
Only linear feature clusters exceeding a preset threshold in
length are selected for curve fitting, enabling the reconstruc-
tion of shear lines within the region (Chen et al. 2025). The
above clustering thresholds and linear feature cluster length
threshold can be flexibly adjusted according to the spatial
distribution of wind shear points and research objectives. In
this paper, targeting the identification of mesoscale and small-
scale wind shear lines ranging from 1 to 20km, R, is set to
1km and the minimum number of shear points in cluster is set
to 15. For the identification of smaller-scale local wind shear,
these thresholds can be appropriately reduced. However, the
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optimal thresholds need to be determined on the basis of a
large number of cases.

Step 3. Movement forecast of wind shear line based on av-
erage wind vector. As a flow embedded boundary, the shear
line is dynamically coupled with the background wind field.
The upstream flow provides continuous momentum advec-
tion and energy transport and acts as a steering flow to gov-
ern the translation of the shear line. Therefore, its movement
direction and speed are primarily determined by the stronger
background wind in the upstream region. To achieve rapid
short-term forecasting of shear line for airport real-time early
warning, this method adopts a simplified advection assump-
tion. It neglects the complex internal dynamic evolution of
convection and only extracts the environmental wind vector
behind the shear line, conducting forecasts via environmental
advection extrapolation.

Notably, the actually identified wind shear line is often irregu-
larly curved. If employing global wind field characteristic analy-
sis, it will be difficult to accurately capture the dynamic regions
driving the movement of each shear line segment. Consequently,
this study adopts a segmented processing strategy, dividing the
fitted wind shear line into several shear segments. For each
shear segment, equal-scale rectangular regions are delineated
on either side. The average wind speeds within the two regions
are calculated and compared, with the side exhibiting the higher
wind speed being selected as the dynamic guidance region for
that shear segment.

Subsequently, the horizontal mean wind speed and direction
within the guidance region are calculated. And taking them as
key dynamic parameters for forecasting shear line movement,
thereby enabling refined forecasting of the spatial movement
trend of each shear line segment. In contrast to radial speed,
which only reflects the 1D movement characteristics along the
lidar detection direction, the 2D wind vector can fully character-
ize the true direction and velocity of the wind field. It effectively
enhances the accuracy and reliability of forecast results.

The simplified advection assumption performs well in short-
term forecasting of low-level wind shear dominated by envi-
ronmental advection, but has limitations for self-propagating
extreme convection. Such systems produce near-surface cold
pools via sustained cold downdrafts. Density contrasts and
buoyancy gradients between cold and warm air spread density
currents outward, triggering non-advective autonomous propa-
gation of shear lines. In such cases, shear lines advance inde-
pendently of background winds, which restricts the applicability
of the proposed method.

3 | Simulation and Analysis of Typical Wind Shear
Line

Near-surface strong winds and divergent airflows frequently
bring significant speed gradients and abrupt wind direction
changes, readily inducing low-level wind shear. Characterized
by high suddenness and extensive impact, these phenomena
pose potential threats to aviation operations, transportation,
and the safety of engineering infrastructure. To examine the

performance of the proposed method, this section carries out
experiments and analysis through idealized numerical simu-
lations of typical gust front and divergent airflow passages. To
rapidly construct the key structural features, simplified math-
ematical models are adopted for the simulations, which also
match the lidar resolution.

3.1 | Identification and Forecasting of Wind Shear
in Gust Passage Wind Field

To accurately capture the movement characteristics of wind
shear during gust front passage, the simulated wind field com-
prises two components: the background wind field and the gust
wind field. The background wind field is set as 3m/s with di-
rection of 145°. To focus on the variation of wind shear within
the wind field and eliminate interference from complex factors
such as surface inhomogeneity, the gust wind field is simplified
during simulation. The wind direction is uniformly set as west-
erly across the entire gust field, while the spatial distribution of
wind speed follows the characteristic of north-south symmetry
and cosine attenuation from the center to the edges. Specifically,
with the north-south center of the wind field as the axis of sym-
metry, the wind speed within the gust field is calculated using
the cosine attenuation model:

cos(M ~7m> +1

Yhalf

2

Vs(y) = Vmin + (Vmax - Vmin) .
(©)

where V() is the wind speed at the ordinate y in the simulated
wind field; V,;;, and V,,,,, are the minimum wind speed at the
north-south edges and the peak wind speed; y, is the ordinate
of the axis of symmetry; y,,;; is half the north-south span of
the wind field, y,,c = max (|y —y,|); « is the decay coefficient.
In this simulation, the peak wind speed is 20 m/s. Wind speeds
at the north-south edge regions decrease to 10-11 m/s, with the

decay coefficient of 0.4.

A gust field with a curved boundary (exceeding the north-
south span of the simulation domain) is first initialized outside
the simulation area using predefined wind field parameters.
The leading-edge boundary of the gust field is represented
by a series of points uniformly distributed along the y-axis.
At each fixed time step, the boundary points of the gust field
move independently at the corresponding wind speed and di-
rection, which enables the gradual passage of the strong wind
over the simulation domain and the dynamic evolution of its
spatial coverage. The distribution of wind speed and direction
within the gust field itself does not change over time during
the movement. Outside the gust field, only the background
wind exists, whereas inside the field, the gust wind replaces
the background wind. The simplified simulation that retains
key wind field features is mainly designed to verify the ca-
pability of the proposed method to identify abrupt wind field
boundaries. However, the simulation is a simplified kinematic
scheme. Key physical processes, including pressure-gradient
forcing, density-current dynamics, turbulence, and intrinsic
variability, are not incorporated in the current framework. It
has limitations and cannot fully reproduce the dynamic evo-
lution of the real atmosphere.
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FIGURE 2 | Wind shear lines identification results of gust wind field via the 2D wind vector method, 1D and 2D radial wind methods. The back-

ground wind field is set as 3m/s with direction of 145°.

During the validation phase of wind shear identification and
forecasting, six typical times within the simulation period from
t=10min to t=35min are selected for analysis. Figure 2 com-
pares and displays the distribution results of wind shear lines
obtained by the proposed 2D wind vector identification method,
alongside 1D radial wind identification and 2D radial wind
identification methods. Specifically, the 1D radial wind iden-
tification method only extracts wind shear information along
the lidar detection radial direction, whereas the 2D radial wind
identification method synchronously analyzes the radial speed
variation characteristics along both the radial and tangential
directions.

Due to the spatial gradient inhomogeneity of north-south wind
speed decay, the wind shear lines identified by the three methods
are all distinctly curved. Comparative analysis reveals that the
identification results based on 2D wind vector more accurately
align with the leading edge of gust front, with their shear line
morphology closely matching the spatial distribution of abrupt
wind field changes. In contrast, the 1D identification method re-
lying solely on radial speed has obvious limitations, with insuf-
ficient spatial coverage of the identified wind shear lines. When
the orientation of the wind shear region is consistent with the
lidar detection radial direction, this method completely fails be-
cause it cannot capture the tangential wind field abrupt change
signals. At this point, the 2D radial wind identification method

can effectively compensate for the dimensional limitations of 1D
identification. However, since radial speed data only reflect the
wind field characteristics along the lidar detection direction, po-
sitional deviations exist in the identification of shear lines.

To evaluate the shear line forecasting performance of the
proposed method, single-step position movement forecasts
are then conducted for the shear lines identified by the three
aforementioned methods. Within adjacent frames (short time
intervals), the wind speed and direction of the wind field
exhibit small variations. The shear line position at the sub-
sequent time step is forecasted based on its previous position
and the associated wind field characteristics, with a forecast
lead time of 5min in this case. The points upper, middle, and
lower on the wind shear line identified by the 2D wind vector
method are selected as target points according to the length
ratio. The point on the forecasted shear line with the near-
est Euclidean distance to each characteristic point is taken as
its forecasted position, ensuring one-to-one correspondence.
Figure 3 comprehensively presents the forecast results of the
upper, middle, and lower points on the shear lines derived
from the three aforementioned methods. It is shown that the
shear line identified by the 2D wind vector method matches
well with the preset gust wind fields. Forecast results indicate
that the trajectories of characteristic points generated by the
2D wind vector method largely coincide with the target points,
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FIGURE3 | Forecast results of gust wind field for upper, middle and lower points of wind shear lines based on three methods. (a)-(f) The forecast
results via the 2D wind vector method, 1D and 2D radial wind methods at six consecutive times, respectively. The red curves in the figure represent

the wind shear lines identified using the 2D wind vector method.

TABLE 1 | Forecast mean positional error in gust wind field based
on the three methods.

2D wind

Simulation 1D radial 2D radial vector
time, t (min) wind (km) wind (km) (km)
15 0.66 0.61 0.31
20 0.96 0.73 0.25
25 1.44 1.40 0.24
30 6.71 2.31 0.31
35 4.14 2.72 0.26
Mean error 2.78 1.55 0.27

demonstrating significantly superior forecasting performance
compared to the two radial wind speed-based methods. In
contrast, both the 1D and 2D forecast results based on radial
speed exhibit varying degrees of lag, failing to accurately cap-
ture the real-time progression of the shear lines.

To quantitatively describe the forecasting performance of each
method, the mean positional error of forecasts based on the

three methods is statistically calculated at each time point, with
the results presented in Table 1. For a given forecast method,
Euclidean distances between target and forecast positions of
each characteristic point are calculated at each time step. The
positional errors of the three points are averaged to yield the
mean deviation at that moment, and the average over all time
steps gives the final mean positional error of the method. As in-
dicated in the table, throughout the entire forecast process, the
positional errors of the 2D wind vector-based method are sig-
nificantly smaller than those of the radial speed-based methods,
with an average positional error of merely 0.27 km. Meanwhile,
the limitations of the 1D radial wind method are further ampli-
fied during the forecast process. Owing to incomplete identifi-
cation of the shear lines, this method yielded the largest overall
positional deviations, with a mean error of 2.78 km and a maxi-
mum error of up to 6.71km.

Meanwhile, to further validate the forecast performance based
on 2D horizontal wind vector, single-step time forecast exper-
iments are conducted for three characteristic points along the
shear line, which aim to accurately forecast the arrival times
at the next position. Figure 4 displays the forecasted arrival
times and corresponding time errors for the three points, where
positive errors indicate early arrival and negative errors indi-
cate delayed arrival relative to identifications. Under the stable
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Single-step time forecasts for gust wind field
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FIGURE4 | Single-step time forecasts for gust wind field and identification results of characteristic points using 2D wind vector. (a)-(c) The time

forecast results and time errors for the upper, middle, and lower points along the shear line respectively. Red dots denote forecast times, while blue
dots indicate the arrival times of identified shear lines. The horizontal axis represents the x-coordinate of each characteristic point.

simulated wind field conditions, the time errors of the single-
step forecasts are on the order of seconds, with a maximum error
of only —29s.

3.2 | Identification and Forecasting of Wind Shear
in Divergent Airflow Wind Field

To verify the reliability of the proposed method in divergent wind
fields, this study also constructs a numerical divergent airflow
field, where the speed is set to be constant across the entire field
and the wind direction exhibits radial divergence. In the simula-
tion process, the divergence source is fixed outside the western
boundary of the simulation domain, and a semicircular wind field
model (covering an azimuth range of + 90) is adopted. The diver-
gent wind vector satisfies the following distribution law:

v(r, B)=v, cos §
@

vy (r, )=V, sin f

where v, and v, denote the zonal and meridional components of
the divergent wind; v, = 15m/s is the constant divergent wind
speed in the wind field; r is the straight-line distance from the
grid points to the divergence source within the simulation do-
main; g is the azimuth of the grid points relative to the diver-
gence source in the simulation domain, g € [ - 90°,90].

Figure 5 presents the distribution results of wind shear lines
obtained via the 2D wind vector method, the 1D and 2D radial
wind identification methods at six typical times within the sim-
ulation period of t=10-35min. During the 2D radial-tangential
identification process, shear points are identified not only by ra-
dial speed signs but also by retrieved wind directions to locate
the positions of direction changes. Although this method effec-
tively captures the wind direction variations in the divergent
wind field, the deviation between radial and actual wind speeds

still leads to discrepancies between the fitted shear lines and the
true boundaries of the divergent airflow field. The limitations of
the 1D radial identification method are particularly pronounced
in this wind field. As the core shear source here is character-
ized by abrupt wind direction changes, reliance solely on
radial-dimension identification fails to capture tangential wind
direction change signals. Consequently, the shear lines identi-
fied remain incomplete throughout the period t=10-25min.

In this experiment, the upper, middle, and lower points of the shear
line identified by the 2D wind vector method are also selected as
target points to compare the forecast accuracy of multiple meth-
ods. Figure 6 presents the forecast results of the three methods in
the divergent airflow field. It can be observed that the radial speed-
based methods (1D and 2D) still exhibit significant forecast devi-
ations. As shown in Figure 5, under the setting of “constant wind
speed” in the divergent airflow field, there exists a distinct radial
speed zero-value zone in the field. This characteristic can substan-
tially interfere with the movement forecast of the shear line de-
rived from radial speed, thereby significantly reducing the forecast
accuracy. The forecasting deviation of the 1D radial identification
method is most pronounced. Constrained by the insufficient in-
tegrity of the identified shear lines, its forecast points consistently
exhibit a distribution characteristic of “lag+ deviation”.

Table 2 presents the forecast mean positional errors of the three
methods at each time point. As indicated in the table, the 2D
wind vector-based forecast method still demonstrates distinct
advantages in the divergent airflow field. The forecast errors
of the radial speed-based methods are comparable to those ob-
tained in the gust wind field, with deviations at certain times
even slightly exceeding those of the gust field. This fully demon-
strates that methods relying solely on radial speed are incapable
of accurately capturing the characteristics of speed variations
within wind fields, nor can they effectively capture sudden
changes in wind direction. Such methods exhibit significant
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FIGURE 5 | Wind shear lines identification results of divergent wind field via the 2D wind vector method, 1D and 2D radial wind methods. The

background wind field is set as 3m/s with a direction of 145°.

limitations in wind shear scenarios coupled with both speed and
wind direction gradients.

The “constant wind speed” setting in the divergent airflow
field eliminates the interference of speed gradients on fore-
cast, retaining only the influence of wind direction factors.
The forecast accuracy of the 2D wind vector method is gen-
erally superior to that obtained in the gust wind field, with a
minimum positional error as low as 0.07km and an average
error of 0.13km.

Figure 7 illustrates the single-step time forecast results and time
errors for the upper, middle, and lower points using a 2D wind
vector. The time errors of the upper point (Figure 7a) and middle
point (Figure 7b) on the shear line predominantly exhibit “pos-
itive bias”, while the lower point (Figure 7c) shows “negative
bias” (forecast lag). Overall errors are similarly slightly smaller
than those in the gust field, with a maximum time error of 21s
and an average time forecast error across all three points of 10s.
It validates the capability of the proposed method to accurately
capture wind direction characteristics.

Combining the experimental results of the two simulated wind
fields, the 2D wind vector method simultaneously captures
wind speed and wind direction shear information. It not only

addresses the limitations of 1D identification in terms of com-
pleteness but also enables precise identification of the bound-
aries where wind fields abruptly change, achieving an accurate
fit to the shear line. The radial speed is essentially the projec-
tion component of the actual horizontal wind vector onto the
lidar detection radial direction, with its magnitude being less
than or equal to the magnitude of the horizontal wind vector.
Methods relying solely on radial speed remain inadequate for
accurately extracting the true dynamic parameters driving
shear line movement, thus markedly impairing forecast preci-
sion. In contrast, the 2D wind vector method can provide the
actual velocity and direction basis for shear line movement,
realize the precise movement forecast of characteristic points,
and thus enhance the reliability of forecast results.

4 | Identification and Forecasting of Airport Wind
Shear

Wind shear detection experiments were conducted at both Beijing
Daxing International Airport (BDIA) (Yuan et al. 2022) and
Kunming Changshui International Airport (KCIA), China (Xia
et al. 2024). To verify the applicability of the proposed method, this
study also selected and analyzed a gust event at BDIA and a severe
convective weather process at KCIA, respectively.

8of13
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FIGURE 6 | Forecast results of divergent wind field for upper, middle and lower points of wind shear lines based on three methods. (a)-(f) The
forecast results via the 2D wind vector method, 1D and 2D radial wind methods at six consecutive times, respectively. The red curves in the figure

represent the wind shear lines identified using the 2D wind vector method.

TABLE 2 | Forecast mean positional error in divergent wind field
based on the three methods.

2D wind
Simulation 1D radial 2D radial vector
time, t (min) wind (km) wind (km) (km)
15 1.45 1.10 0.15
20 2.40 1.53 0.17
25 5.97 2.32 0.15
30 3.01 1.77 0.07
35 1.92 1.09 0.09
Mean error 2.95 1.56 0.13

4.1 | Experimental Results

Figure 8 presents the retrieved 2D wind vector results, as well as
the wind shear line identification and forecast results at different
times during a gust event at BDIA. The wind shear identification
results show that at 10:12 LST on 7 July 2021, a strong southerly
wind occurred over the southern part of the airport, with a max-
imum horizontal wind speed of approximately 10m/s. A distinct

wind shear line was detected at a distance of about 8 km from
the lidar. At 10:22 LST, this shear line advanced toward the lidar
to the location near 4km, and the wind speed at the gust front
exhibited attenuation. Subsequently, at 10:33 LST, the shear line
moved further to the vicinity of the lidar, with the front wind
speed rebounding to around 8 m/s.

During shear line forecasting, the overall movement of the
shear line was forecasted by calculating the mean wind vector
within the guidance regions. According to Figure 8, the fore-
casted and identified movement paths are basically consistent.
However, there is certain deviation between the two in terms
of the impact range of the shear line affected by the variability
of the atmospheric wind field. The mean absolute error (MAE)
between the forecast and identified shear lines was calculated,
which provides a comprehensive and quantitative evaluation
of the spatial error features. Since the forecast and identified
shear lines often differ in length, the MAE was calculated
by taking the shorter line as a reference and extracting the
nearest segment with equal length from the longer one. The
first forecast (Figure 8b) agreed well with the identified shear
line, yielding a MAE of merely 0.19km. The second forecast
(Figure 8c) exhibited a larger discrepancy, resulting in a MAE
of about 2.16 km.
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shear line was (0.37, —3.86) km, with a positional error of 0.73km
from the corresponding point on the identified shear line. At
this moment, the forecasted position was 3.88 km away from the

The data in Table 3 demonstrate the forecast performance of the
shear line based on the 2D wind vector at each time. At 10:22
LST, the coordinate of nearest point to the lidar on the forecasted

Single-step time forecasts for divergent wind field
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Time error bar Time error bar Time error bar
30 - 7s 4 F 1 F -2s .
c
‘£25 1 F 1 rF .
[0)
£
= 20 1 F 1 F .
15 1 F 1 F .
(a) Upperpoint (b) Middlepoint (c) Lowerpoint
10 1 1 1 1 1 1 1 1 1 1 1 1

-15  -10 -5 0 5 10 -15  -10 -5 0 5 10 -15  -10 -5 0 5 10
X-coordinate (km) X-coordinate (km) X-coordinate (km)

FIGURE7 | Single-step time forecasts for divergent wind field and identification results of characteristic points using 2D wind vector. (a)-(c) The
time forecast results and time errors for the upper, middle, and lower points along the shear line respectively. Red dots denote forecast times, while
blue dots indicate the arrival times of identified shear lines. The horizontal axis represents the x-coordinate of each characteristic point.
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FIGURE 8 | Identification and forecast results of wind shear lines during a gusty event at BDIA. (a)-(c) The 2D wind vector results, wind shear
line identification, and forecast results at different times.

TABLE 3 | Forecasting performance of shear lines based on 2D wind vector for gust event at BDIA.

Forecast Actual Forecast

Local standard Actual nearest nearest Position distance distance Distance
time point (km) point (km) error (km) (km) (km) error (km)
10:12:03 (0.63, —8.27) 8.29
10:22:49 (-0.36, —3.93) (0.37, —3.86) 0.73 3.95 3.88 0.07
10:33:34 (=0.14, —0.04) (0.06, —0.18) 0.23 0.15 0.19 0.04
Mean error 0.48 0.06
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lidar, with an error of merely 0.07 km relative to the actual dis-
tance. At 10:33 LST, the forecasted shear line also advanced to
the vicinity of the lidar, 0.19km away from it, with a lag of only
0.04km compared with the identified position. Throughout the
entire forecast process, the mean positional error of the nearest
point to the lidar on the shear line was 0.48km, and the mean
distance error relative to the lidar was 0.06 km.

The coordinate of the point on the identified shear line nearest
to the lidar was (—0.36, —3.93) km at 10:22 LST. Using this point
as the target, the experiment forecasted the time to reach this
location using the previously identified shear line at 10:12 LST,
with a time error of only 11s. Similarly, when using data at 10:22
LST to forecast the arrival time at the next position, the time
error was about 30s. These preliminary results indicate that the
proposed method can effectively capture wind field characteris-
tics and provide relatively accurate forecasts of shear line move-
ment trends.

Figure 9 presents the retrieved 2D wind vector results, as well
as the wind shear line identification and forecast results at dif-
ferent times during a severe convective event on 4 July 2022, at
KCIA. During this weather process, there existed intense down-
drafts over the northern area of the airport, with the maximum
divergent wind speed reaching approximately 12-13m/s. The
results at 15:36 LST indicated that a wind shear line was pres-
ent approximately 8 km north of the lidar, and it advanced to a

15:36:28 04/07/2022

15:45:13 04/07/2022

location near 5km at 15:45 LST. At 15:59 LST, the shear line had
moved to the vicinity of the lidar, with the divergent wind speed
weakened.

In the initial stage, owing to the relative stability of the diver-
gent airflow, the affected regions of the forecasted and identi-
fied results at 15:45 LST were highly consistent, with a MAE
of approximately 0.35km. By 15:59 LST, a distinct positional
deviation emerged between the forecasted and identified shear
lines, with the MAE reaching approximately 4.14 km. It is due to
the obstruction effect, whereby only the shear lines in the region
to the left of the lidar can be identified, with a detection blind
spot existing in the right-hand region. At this point, the forecast
method based on 2D wind vector can overcome the limitations
of the detection range, reconstructing the movement trends of
shear lines within the undetected blank zone.

The data in Table 4 quantitatively characterize the forecast ac-
curacy of the shear line derived from the 2D wind vector method
at each time during the forecasting process. Owing to the in-
stantaneous variability of severe convective weather, the over-
all forecast error is slightly higher than that obtained at BDIA,
with the positional forecast exhibiting both leading and lagging
characteristics. Throughout the forecast, the spatial mean po-
sitional error of the nearest point to the lidar on the shear line
was 0.48km, and the mean distance error relative to the lidar
was 0.37km.
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Forecasted shear line
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FIGURE9 | Identification and forecast results of wind shear lines during severe convective weather at KCIA. (a)-(c) The 2D wind vector results,

wind shear line identification, and forecast results at different times.

TABLE 4 | Forecasting performance of shear lines based on 2D wind vector for convective weather at KCIA.

Forecast Actual Forecast

Local standard Actual nearest nearest Position distance distance Distance

time point (km) point (km) error (km) (km) (km) error (km)

15:36:28 (0.99, 8.42) 8.48

15:45:13 (1.01, 5.07) (0.59, 4.82) 0.49 5.17 4.85 0.32

15:59:06 (-=0.11, 0.43) (0.01, —0.03) 0.47 0.45 0.03 0.42

Mean error 0.48 0.37
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In this case, based on the shear line position and wind field at
15:36 LST, the shear line was forecast to reach the target point
(1.01, 5.07) km at 15:44 LST, while it actually arrived at 15:45
LST. Thus, the corresponding forecast error was 1min. In the
same way, the forecast based on the results at 15:45 LST exhib-
ited a time error of approximately 2 min.

4.2 | Overall Error Analysis

To comprehensively evaluate forecast performance and devia-
tion characteristics, all forecasts from two airport experiments
were integrated to quantitatively analyze the coordinate de-
viations along the X and Y directions between forecasted and
identified shear lines. Calculations showed that the average
deviation in the X coordinates of the forecasted and identified
shear lines was 0.02km, with a standard deviation of 0.09km,
representing small overall errors. The mean deviation of the Y
coordinate was —0.30km with a standard deviation of 3.45km,
indicating obvious fluctuations in positional errors.

In these cases, the shear lines all moved in a north-south direc-
tion. Therefore, positional errors of the shear lines were mainly
concentrated in the Y direction, driven by uncertainties under
complex atmospheric conditions. In contrast, the forecasted
shear lines achieved good overall positioning accuracy in the
horizontal X direction. Such deviations were mainly caused by
lidar obstruction and detection gaps, which led to positioning
errors when identifying shear lines.

5 | Discussion and Conclusion

This study proposes an advanced method for identifying and
forecasting wind shear and shear line using 2D wind vector by
lidar. Numerical simulations under controlled kinematic con-
ditions demonstrate that the proposed method can effectively
identify idealized abrupt wind field boundaries, showing
improved identification and forecast performance compared
with 1D and 2D radial wind methods. Radial speed-based
forecasts exhibit varying degrees of lag, whereas the forecast
trajectories derived from 2D wind vector are highly consistent
with the actual movement of simulated wind fields. Airport
experiments successfully identify shear lines induced by gust
front and severe convection and achieve shear lines movement
forecast.

This method achieves better localization of wind shear through
orthogonal direction vector ramp detecting method, thereby
more accurately representing wind shear intensity compared to
conventional scalar ramp detecting method. Complete 2D wind
vector information reflects the authentic characteristics of the
wind field. On the one hand, it provides a reliable basis for the
accurate extraction of shear points, thereby improving the accu-
racy of shear line identification. On the other hand, it supplies
key dynamic parameters for wind shear line movement forecast,
resulting in more precise forecasting outcomes. Therefore, this
method offers new idea for identifying and forecasting smaller-
scale wind shear line. This not only facilitates comprehensive
dynamic tracking of wind shear lines but also enhances safety
assurance capabilities for low-altitude flights.

Although this study has achieved preliminary results, several
limitations remain to be addressed. A simplified simulation is
adopted for method validation; future work will incorporate key
atmospheric processes to enhance the physical realism. More ob-
servational datasets are required to support parameter sensitivity
tests, comprehensive statistical analysis and validation, thereby
enabling further method optimization. The performance of the
method highly relies on the retrieval accuracy of the 2D wind field.
The detection range of lidar is constrained by obstacle occlusion
(Yang et al. 2024), which impairs its coverage capability for full-
region wind field. Especially in complex terrain (e.g., mountainous
and valley areas), the accuracy of 2D wind field retrieval based on
single Doppler lidar observations is limited, impairing the stability
of shear line forecasts. Therefore, dual- or multi-lidar networking
observations are necessary to provide more complete and reliable
wind fields. Meanwhile, its limited radial resolution and scanning
frequency make it difficult to capture rapid changes of wind shear
lines under complex weather conditions, thereby exacerbating
forecast errors. Future research requires the integration of multi-
source detection equipment to conduct collaborative observations.
In addition, the random perturbations of atmospheric turbulence
induce nonlinear variations in wind fields, which significantly
reduce forecast accuracy. Turbulence parameterization should be
incorporated to optimize the forecast method, further enhancing
the robustness of the method.
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