Engineering Structures 370 (2027) 124031

Contents lists available at ScienceDirect

ENGINEERING
| STRUCTURES

Engineering Structures

FI. SEVIER

journal homepage: www.elsevier.com/locate/engstruct

A Bayesian inference approach for probabilistic wind field retrieval of
long-span bridges using coherent Doppler wind lidar

a,* a,*

Longwen Fan®, Yiming Zhang , Jinlong Yuan”, Xiao Pan “®, Shuo Zhang",

Haiyun Xia "

, Hao Wang

@ Key Laboratory of Concrete and Prestressed Concrete Structures of Ministry of Education, Southeast University, Nanjing, 211189, China
b State Key Laboratory of Climate System Prediction and Risk Management, Nanjing University of Information Science and Technology, Nanjing, 210044, China
¢ Department of Civil and Environmental Engineering, The Hong Kong University of Science and Technology, 999077, Hong Kong

ARTICLE INFO ABSTRACT

Keywords: Accurate characterization of full-scale wind fields provides important information for analysing the wind envi-
Long-span bridge ronment around long-span bridges. While coherent Doppler wind lidar (CDWL) provides advanced measurement
Wind lidar

methods, retrieving the complete vector wind field from a single-scan lidar is an ill-posed inverse problem.
Traditional deterministic wind field retrieval methods can only provide a single estimate, failing to account for
uncertainties caused by measurement noise, atmospheric turbulence, and geometric constraints. To address this
limitation, this study proposes a Bayesian inference framework for probabilistic retrieval of the horizontal wind
field around long-span bridges using CDWL. Specifically, this framework employs a prior distribution that in-
tegrates the background wind field and smoothness constraints, effectively mitigating the high-dimensional and
ill-posed problem. The posterior distribution provides a mean estimate of the retrieved wind field, simulta-
neously quantifying the uncertainty of the retrieval process. Full-scale wind field measurements are conducted on
the Ningyang Yangtze River Bridge. Multi-resolution CDWL data combined with on-site anemometer records
provide support for evaluating retrieval accuracy and uncertainty characteristics. The proposed method is then
compared with traditional Uniform Wind, Velocity Azimuth Process, Velocity Plan Processing, and Variational
Method. The results show that the proposed method achieves the highest accuracy in retrieving horizontal wind
fields around the bridge and provides the standard deviations of wind speed and direction. Furthermore, the
anemometer measurements consistently fall within the retrieved confidence interval, highlighting the effec-
tiveness of the method in quantifying wind field uncertainty.

Probabilistic retrieval
Bayesian inference

1. Introduction

With the continuous growth of global transportation demands, an
increasing number of long-span bridges are being constructed, particu-
larly across wide rivers and coastal waterways [1,2]. These structures
often feature slender and flexible design, making them highly suscep-
tible to dynamic wind fields induced by atmospheric turbulence [3-5].
In addition, the complex terrain surrounding bridge sites further am-
plifies the spatial variability and non-uniformity of the local wind
environment [6,7]. Wind load has become one of the critical factors
influencing the design, construction, and long-term operation of
long-span bridges [8-10].

A precise assessment of the wind loads acting on long-span bridges
requires a comprehensive understanding of the surrounding dynamic
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and spatially evolving wind characteristics [11-13]. Traditionally, the
aerodynamic behavior of bridges has been investigated through wind
tunnel testing on scaled models and computational fluid dynamics
simulations [14,15]. Although these methods provide valuable insights
into bridge aerodynamics, they exhibit several inherent limitations.
Both approaches typically rely on idealized inflow conditions, such as
uniform and stationary flows perpendicular to the bridge axis, which do
not accurately represent the highly non-uniform and non-stationary
wind conditions in the real atmospheric boundary layer [16]. More-
over, discrepancies between the Reynolds numbers achievable in wind
tunnel experiments or numerical simulations and those under full-scale
conditions may lead to significant variations in wind-structure in-
teractions across different scales [17]. Therefore, full-scale wind field
measurements under realistic atmospheric conditions can validate and
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refine existing design theories, thereby reducing the uncertainty in wind
load assessment and enhancing the safety of bridge structures.

In-situ measurements using anemometers installed on the bridge
decks and towers have historically served as the primary source of wind
field data [18,19]. These point-based sensors provide wind information
only at discrete locations and therefore cannot capture the continuous
wind field structure across the entire bridge span and its surroundings
environment [20]. Over the past decade, optical remote sensing tech-
nologies, such as scanning coherent Doppler wind lidar (CDWL), have
developed rapidly [21,22]. CDWL eliminates the flow disturbances
caused by traditional measurement towers or supporting masts [23] and
enabling the collection of valuable wind data in areas inaccessible to
personnel, including main girders over river surfaces and high-rise
bridge towers [24-26]. However, a single scanning lidar can measure
only the velocity component along the laser beam (radial velocity).
Deriving the complete vector wind field from such measurements con-
stitutes an ill-posed inverse problem that requires sophisticated retrieval
algorithms [27-29].

Most conventional retrieval techniques are deterministic and provide
only a single point estimate of the wind field [30,31]. These methods
often fail to systematically account for and quantify the various sources
of uncertainty, including instrumental noise, atmospheric turbulence
fluctuations, and the inherent assumptions in the retrieval algorithms
[32]. To overcome the limitations of deterministic point estimates,
Bayesian inference offers a powerful probabilistic framework for wind
field retrieval [33-35]. Bayesian methods treat the wind field parame-
ters as random variables and infers their full posterior probability dis-
tribution by combining prior knowledge with the likelihood of the
observations [36]. The resulting posterior distribution provides a mean
estimate of the wind field and a rigorous quantification of its uncer-
tainty. Nevertheless, applying Bayesian inference to retrieve the hori-
zontal wind field around bridges based on CDWL observation data still
faces three major obstacles [37,38]: (1) The prior distribution of the
radar wind field typically incorporates only a single constraints, which
may lead to unreliable estimates of the retrieved horizontal wind field;
(2) Radial velocity measurements in regions with low carrier-to-noise
ratio (CNR) may be insufficient for accurately retrieving the wind
field; and (3) The retrieval problem is severely ill-posed and highly
dimensional, typically involving thousands of unknown velocity vectors
within a single scan. As a result, the strong turbulence and highly
non-uniform wind environment around long-span bridges poses signif-
icant challenges for reliable wind field retrieval.

This study proposes a novel Bayesian inference framework that uti-
lizes CDWL scan data to retrieve the two-dimensional (2D) horizontal
wind field surrounding a long-span suspension bridge. The framework
employs the prior distributions combining background flow information
with smoothness constraints, effectively mitigating the high dimen-
sionality and ill-posedness inherent in single-lidar wind field retrieval.
Specifically, background priors act as weak constraints that provide
valuable initial wind field estimates, whereas smoothness priors act as
strong constraints that impose effective spatial smoothness. In addition,
the framework quantifies retrieval uncertainty by deriving the posterior
probability distribution from the observational data and the prior dis-
tributions. Full-scale wind field observations are conducted on the
Ningyang Yangtze River Bridge. The effectiveness of the proposed
method for wind field retrieval is validated by combining multi-
resolution CDWL data with anemometer records at the bridge site.
Compared with traditional deterministic approaches, the method yields
more accurate wind field estimates and offers a rigorous quantification
of retrieval uncertainty. Overall, this study presents a robust framework
for wind field retrieval and uncertainty quantification around long-span
bridges, contributing to the safe and reliable operation of these
structures.

The rest of this paper is organized as follows. Section 2 details the
Bayesian framework used for horizontal wind field retrieval. Section 3
provides an in-depth analysis of the horizontal wind field and
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uncertainty results retrieved from radar measurement data around the
bridge. Finally, Section 4 summarizes the main findings and conclusions
of this measurement study.

2. Methodology
2.1. Bayesian framework for wind field retrieval

To enhance the effectiveness and stability of wind field retrieval, a
Bayesian framework is used to jointly model prior information with the
lidar observation data, thereby achieving robust wind field estimation
and quantifying its uncertainty [39,40].

The proposed Bayesian framework for probabilistic wind field
retrieval is illustrated in Fig. 1, including the following three steps:

Step 1: Obtain raw observation data from the scanned CDWL. This
step involves performing a Plane Position Indicator (PPI) scan over
the entire span of the long-span bridge at low elevation angles. The
radial speed field is obtained from the Doppler effect of the wind
lidar echo signal. The observed radial speed and azimuth angle data
are the primary inputs for Bayesian framework.

Step 2: Infer the posterior probability of the wind field based on these
observational data. This process involves defining a prior probability
distribution that incorporates background wind field and spatial
smoothness, along with a likelihood function based on the statistical
characteristics of observation errors. The Gibbs sampling algorithm
is then used to efficiently solve high-dimensional problems of pos-
terior probability distributions.

Step 3: Obtain the final retrieved wind field and its uncertainty from
the posterior distribution. The mean of the posterior distributions is
employed to retrieve the horizontal wind field, while the standard
deviation of the samples is calculated to quantify the uncertainty of
the retrieval process. Finally, the accuracy of the retrieval wind field
is verified by comparing the results with in-situ anemometer mea-
surements using multiple evaluation metrics.

2.2. Wind field retrieval from single lidar data

The fundamental problem of retrieving a wind field from lidar ob-
servations data can be summarized as follows: (1) using the partially
known wind vector information, reasonable assumptions are made
about the spatial distribution characteristics of the wind field. (2) con-
structing a parameterized wind field model in the target domain and
applying analytical or numerical methods to retrieve the unknown
components.

Specifically, the observed radial speed V, and azimuth angle  can be
accurately obtained by the wind lidar with PPI scanning. The wind field
is then retrieved by combining the tangential speed V;. At low elevation
angles, the radial speed and tangential speed can be expressed as

V., =ucosf+vsind (€]

V.= —usinf+vcos @ 2)

where u and v are the two components of velocity in the lidar coordinate
system xoy. V,and V, are the retrieved radial speed and tangential speed,
respectively.

Differentiating Eq. (1) along the azimuth direction can be written as

v, . ou o .
0= 7usm0+vcos€+% c056+a—0 sin 6 3

Combining Egs. (2) and (3), we can obtain

JaV, ou v .
tfaef@cosﬁfﬁsmﬁ (@)

To fully utilize the observed radial speed V,, the two horizontal
components obtained from the final Bayesian retrieval can be updated
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Fig. 1. The proposed Bayesian framework for wind field retrieval.
by defined as the normalized product of these two terms:
u=V,cosf—V,sin0 5 1
’ t O pwy) = oblw)p vops ) p(w) ©
P
y =V, sin @+ V, cos (6)

In the Bayesian retrieval framework, the horizontal wind field to be
solved (including the u and v components at all grid points) is treated as
a random variable, and the observed data (i.e., V, and # at all mea-
surement points) are also treated as a random variable. The objective is
to infer the probability distribution of the wind field conditioned on the
observed data.

2.3. Bayesian inference for probabilistic retrieval

Bayesian inference treats parameters as random variables, with their
uncertainty is represented by probability distributions [41]. These dis-
tributions describe the range of parameter values and their probabilities,
enabling the evaluation of standard deviations and confidence intervals
in the retrieval results. The Bayesian formulation can be expressed as

o\ _ P lu,v)p(u,v)
pwr3) =55 @
where (u,v) is the horizontal wind field to be retrieved, > ° is the
observed data including V, and 6, p(u,v|>_°) is the posterior probability,
p(32°%|u,v) is the likelihood function, p(u,v) is the prior probability, and
p(32°) is the probability of the observation data Y _°.

Once the Y_° have been observed, p(>_°) is a constant and thus can be
written as

p <u7 v’20> «p (Zo|u, v)p(u, V) ®

Since the normalization constant p(>.°) cannot be calculated
analytically, a Markov chain Monte Carlo method can be used to itera-
tively sample from the posterior distribution.

2.3.1. Prior Probability

The prior probability p(u,v) is an informative prior that constrains
the local solution, ensuring that the retrieved wind field is consistent and
meteorologically plausible. In the present framework, two comple-
mentary sources of prior information are considered: a background
wind-field prior and a spatial smoothness prior. The combined prior is

where Z, is the normalization constant. In the MCMC sampling pro-
cedure, this constant does not depend on (1, v) and therefore cancels out
in the posterior proportionality.

Gaussian processes offer a flexible class of models [42], particularly
for variables that exhibit spatial dependence. Assuming that the back-
ground wind field follows a multivariate normal distribution, its prior
probability can be expressed as

' el - rm-my)c i m—
pb(u7v) - (271')N‘Cb‘1/2 exp( 2(m mb) Cb (m mb)) (10)

where N denotes the number of retrieval grid points. The state vector is
defined as m = [ul,...,uN,vl,...,vN]T, while my is the corresponding
background state). C is the covariance matrix of the background wind
field.

Under the assumption that the background errors of the u and v
components are mutually uncorrelated [43,44], the background-error
covariance matrix is explicitly constructed as

Cy = diag o3 I, 3, I an

where 0, and o3, denote the standard deviations characterizing the
background errors of the u and v components, respectively, and Iy de-
notes the N x N identity matrix.

In principle, background information should be independent of the
observational data used in the analysis and is typically provided by
model forecasts valid at the analysis time. However, the operational
model forecasts often lack the resolution and accuracy required for
storm-scale wind field analysis. In fact, the spatial variations of the lidar
velocity can provide valuable proxy background for the wind retrieval
[45,46], such as the velocity-azimuth display technique [28].

Therefore, the background wind field is obtained by constructing the
cost function J, which can be expressed as

J=Jp+Jr+J; 12)

Jp = EW[, [(ufub)z-i-(v—vb)z] 13)
ij
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Zw, o= V) as

2
Jy = %:Wt( 60V +% c056+% sin 9) (15)

where Jp, J;, and J; are the background term, the radial speed term, and
the tangential speed term, respectively. u, and v, are obtained by
minimizing the cost function, when Wy = 0. The weighting coefficients
are taken as W, =1 (m~%%) and W;=0.5 (m~%?) [45,46], which are
empirically chosen to ensure that the constraints have proper orders of
magnitude.

The smoothness prior reflects the underlying physical characteristics
of the wind field, namely that the flow should be relatively smooth and
consistent with the governing fluid dynamics equations. This constraint
is effectively imposed through a zero-mean Gaussian distribution given
by

1
Pe(U, v)xexp ( - EmeTCe’lme> (16)
with
C, = diag ((7;\,11\,&, ”30r1N07 (leaplNc> a7

where, o4iy, Ovor, and oy, denote the standard-deviation scales assigned
to the divergence, vorticity, and Laplacian, respectively, while Iy, is the
N, x N, identity matrix.

The spatial smoothness constraint incorporates the divergence,
vorticity, and Laplacian of the retrieved velocity field [47], which can be
calculated as

€div
m, = | €yor (1 8)
€lap

For each grid point (k = 1,...,N,) involved in the spatial smoothness
constraints, the divergence, vort1c1ty, and Laplacian residuals are
defined as

u ov
eanx = Ad (& + a}) k 19)
dv du
€vork = Ad(a - g])k (20)
elpk = (Ad)* (Vu + V), @3y

where Ad is the grid size in the retrieval field, and V? is the Laplacian
operator.

These constraints are introduced to ensure that the retrieved hori-
zontal wind field remains spatially plausible and exhibits sufficient
smoothness.

2.3.2. Likelihood Function

In the Bayesian inference, a set of measurements y is related to a state
vector x (containing parameters describing the atmospheric state)
through a forward model F.

y =F(x,b) +¢ (22)

where b is the unretrieved model parameters and ¢ is the model error.
Essentially, the forward model maps the atmospheric state to the cor-
responding observable variables and contains the physical and instru-
mental factors associated with the measurement process.

When radial speed measurements from the scanning CDWL at
different azimuth angles are used to derive the wind vector components
(u, v), the forward model reduces to a geometric relationship that
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projects the wind vector onto the radial coordinate system. It is given by
F = [cosd), sind] (23)

Since the forward model F is independent of the state vector x, the
Jacobian matrix K with respect to the elements of the state vector x = [u,
v] is equal to the forward model itself.

dF

K= =F (24)

Eq. (17) can then be linearized as
y=Kx+e (25)

The likelihood function reflects the difference between the model
prediction and the actual observation, which primarily arises from the
measurement error of the CDWL system. It is assumed that the mea-
surement errors are independent and follow a zero-mean Gaussian dis-
tribution. Therefore, the likelihood function can be expressed as

P(Xwv) =

where Cj is the joint covariance matrix.
During the wind field retrieval process, the total measurement error
variance o, is used to construct the joint covariance matrix, which is

1 1 T
N/2‘C |1/2 Xp< - E(Kx - Vo) Cdl(Kx - Vo)) (26)

o> =0+o2 (27)

where o, denotes the radial-velocity uncertainty, and o, represents the
instrumental-noise uncertainty. The former is estimated from the local
radial-velocity variability over neighboring range gates, whereas the
latter accounts for the signal-quality-dependent measurement precision
[27,48].

For a scan with n azimuth angles, the radial velocity uncertainty for
the j-th range gate is given by

n jt+l

1 _
o (n) =3, SN 3n0nm) 3 (00m)) (28)
n i=1 k=j-1
j+1
¥ (6:,17) Z ¥e(6:,11) 29
k =j—1

where n is the total number of azimuth angles. 6; is the i-th azimuth
angle. r; and ri denote the j-th and k-th range gates, respectively.

The instrumental-noise uncertainty is selected as 1 m/s according to
the signal-to-noise ratio function curve provided [48].

Accordingly, the observation-error covariance matrix is constructed
as

d1ag< Oc15 527 ?,No) (30)

where Nj denotes the total number of valid radial-velocity observations.

2.3.3. Posterior Probability

The horizontal wind field L constitutes a high-dimensional vector
that typically includes thousands to tens of thousands of unknown pa-
rameters (the u and v components at all grid points). The resulting
posterior distribution is complex and high-dimensional, making it
difficult to integrate or directly sample analytically. The MCMC method
can effectively handle this posterior distribution and provide a complete
data representation. However, due to the low acceptance rate of tradi-
tional MCMC techniques, many sampled values are rejected, resulting in
high computational costs.

Gibbs sampling is a special form of the MCMC algorithm that
transforms a high-dimensional problem into a one-dimensional problem
[49]. Specifically, for the i-th unknown wind velocity component [;
(where [; can be a u or v component at a grid point), its full conditional
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distribution p(l;/L_;, 3_°) depends only on the observed data >"° and the
current values of all other parameters L.;. The detailed steps of the Gibbs
sampling algorithm are as follows [50]:

(1) Initialize sample values of the wind field vector, L® = {l‘f, 3,

L.

(2) Evolve these samples through t iterations steps to yield L = [If 15,
e L]

(3) In the (t+ 1)-th iteration, update the sample parameter
sequentially based on the following conditional distributions.

t+1
li

B P B L el ), 5] a1
where (lﬁ“, L. lff}) is the sample parameter that has been upda-

ted in the previous iteration. (I, ,k,,, -, I}) is the sample parameter
that needs to be updated in the current iteration.

For the Gibbs sampler, each retrieval is performed using a chain
length of 3000 iterations, with the first 500 iterations discarded as burn-
in. Convergence is assessed using four chains with different initial states.
The rank-normalized potential scale reduction factor and effective
sample size are used as convergence diagnostics, with thresholds of 1.01
and 400, respectively, following [51]. After a sufficient number of it-
erations, the Markov chain converges to the full posterior distribution.
The posterior mean of the Gibbs samples provides the retrieved hori-
zontal wind field, while the standard deviation quantifies the retrieval
uncertainty of the retrieval process.

2.4. Evaluation metrics

This paper uses four well-established evaluation metrics to assess the
performance of the proposed method in retrieving wind fields. The
selected metrics include root mean square error (RMSE), mean absolute
percentage error (MAPE), mean absolute error (MAE), and mean bias
error (Bias) [52-54]. The principle of the evaluation metrics is that the
smaller the RMSE, MAPE, MAE, and Bias values, the better the retrieval
performance. The expressions for these metrics are

RMSE = |, /% > -y (32)
i=1

1 yi —¥i
MAPE = N ; . x 100% (33)
1 N
MAE = — i~
N 203 (34)
1
Bias = — i — Y
fas = 3 0= 3 (35)

where y; and y; are the observed and predicted value of the wind field,
respectively, and N is the number of samples.

3. Experiment and result
3.1. Measurement site and instrumentation

3.1.1. The Ningyang bridge site

The full-scale wind field measurements are conducted at the Nin-
gyang Yangtze River Bridge (NYRB). As shown in Fig. 2, the bridge spans
the Yangtze River in a single main span, connecting Yizheng City
(Yangzhou) on the north bank to Nanjing and Jurong City (Zhenjiang)
on the south bank. The NYRB is a double-tower suspension bridge with a
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Fig. 2. Geographical location information of the Ningyang Yangtze
River Bridge.

1560 m main span and two side spans measuring 615 m (north) and
552 m (south). The bridge pylons adopt a portal-frame structures, with
the north and south towers reaching heights of 248.5 m and 246.5 m,
respectively. The main girder is a flat steel box girder designed to carry a
six-lane, two-way expressway. This main girder has a total width of
39.1 m and a height of 3.7 m. The terrain surrounding the bridge site is
relatively flat and open, with relatively uniform atmospheric turbulence.
Owing to its long span and streamlined deck, the NYRB becomes an
effective location for studying complex wind-structure interactions.

3.1.2. Long-term instrumentation

The NYRB is equipped with a comprehensive Structural Health
Monitoring System (SHMS) to support long-term operational safety
assessment. As part of this system, ten ultrasonic anemometers are
fixedly installed on the main bridge to monitor the environmental wind
loads on the structure, as shown in Fig. 3.

The ultrasonic anemometers provides high-precision measurements,
with a wind speed range of 0-60 m/s (accuracy +1%, resolution
0.01 m/s) and a wind direction range of 0-360° (accuracy +1°, reso-
lution 0.1°). All anemometers are configured for continuous data
acquisition, sampling wind speed and direction at 1 Hz. These ane-
mometers are evenly distributed along the longitudinal axis of the
bridge at 390 m intervals to capture wind characteristics at key struc-
tural locations. The measurement locations include the tops of the main
pylons, the tower-girder junction points, and the quartering points of the
main span. This sensor layout provides critical wind information at
multiple elevation and span positions of the bridge, which is used to
validate the wind field retrieval results based on wind lidar.

3.1.3. Short-term instrumentation

To capture the full-scale spatial structure of the wind field over the
river surface, which cannot be resolved by the point-based anemome-
ters, a short-term intensive observation is conducted using a CDWL.
Monitoring airflow across the entire 1560 m main span (i.e., distances
exceeding 2 km) requires the use of a pulsed Doppler lidar. Continuous-
wave lidar systems are unsuitable for this purpose because their probe-
length averaging becomes excessive at long ranges, resulting in signifi-
cant data degradation [55].

As shown in Fig. 4, the CDWL is deployed on the south bank of the
river, east of the bridge. This location provided an unobstructed line of
sight to the main span and the bridge pylons. During the experiment, the
lidar operates primarily in PPI scanning mode to map the horizontal
wind field around the bridge deck. Scans are conducted at a low
elevation angle of 4.0° to ensure that the beams remain approximately
parallel to the river surface and intersect the bridge-girder region. The
PPI retrieval grid contains 301 range gates at a radial spacing of 30 m or
15 m, and covers a 70°-120° azimuthal sector at 1° intervals. Since the
two horizontal velocity components u and v are retrieved at each grid
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Fig. 3. Schematic diagram of bridge wind field monitoring using ultrasonic anemometers. Hangers are not drawn and the scales are not respected for the sake

of clarity.

Lidar Location

Coordinate system

Fig. 4. The on-site wind field observation on the bridge by wind lidar: (a) test site of the wind lidar; and (d) schematic diagram of the coordinate system.

point, the state vector contains up to 72842 unknown velocity compo-
nents. Each PPI sector scan is completed in approximately 70-120 s,
enabling a rapid update of the evolving wind field.

The key technical specifications of the CDWL system are summarized
in Table 1. The instrument operates at an eye-safe wavelength of 1.5 pm
and provides a maximum detection range of up to 13 km [56]. It offers a
high temporal resolution of 0.2-1 s per beam, a configurable spatial
resolution (e.g., 15-90 m), and an angular accuracy of 0.01°. The lidar
supports multiple scanning patterns, including PPI, range height

Table 1

Key Parameters of the CDWL.
Parameter Value
Wavelength 1.5 pm
Pulse Energy 300 pJ
Diameter of telescope 80 mm
Repetition frequency 10 kHz
Temporal resolution 0.2-1s
Spatial resolution 1590 m
Angle accuracy 0.01°
Maximum range 13 km
Azimuth scanning range 0-360°
Zenith scanning range 0-90°

indicator (RHI), velocity azimuth display (VAD), glide path (GP), and
custom defined pattern. The updated CDWL system has undergone
extensive optimization, and its reliability has been verified in previous
studies [57-59].

3.2. Horizontal wind field retrieval

3.2.1. 30 m resolution

To achieve the high CNR long-range scan mode, the pulse width of
the CDWL system is initially configured to 200 ns pulse width. The full-
scale wind field obtained under this configuration, along with the
retrieval results, is presented in Fig. 5. This pulse width typically cor-
responds to a spatial resolution of 30 m. The primary advantage of this
setting is its high pulse energy, which ensures a strong CNR over the long
distance covering a main span of 1.56 km.

The radial speed is defined as positive when airflow moves toward
the lidar and negative when moving away. The radial wind speed and
CNR distributions are shown in Figs. 5(a) and 5(b). Positive radial
speeds dominate the lower-left region, whereas negative values occur
mainly in the upper-right, indicating a prevailing southwesterly wind.
The CNR (red/yellow regions) remains stable within 2 km, confirming
the reliability of the long-range signal. Extremely high-CNR regions near
[-0.7 km, 1.2 km] correspond to reflections from the main girder and
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provide a reference for the bridge location. Figs. 5(e) and 5(g) present
the retrieved horizontal wind speed and direction derived from the
north and east wind components. Owing to the complex girder geometry
and the low 4.0° scanning angle, ribbon-like velocity disturbances
appear around the bridge, characterized by localized velocity
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fluctuations and directional variations.

The standard deviations of the retrieved wind speed and direction
exhibit significant spatial variability, as presented in Figs. 5(f) and 5(h).
Wind-speed uncertainty remains low in regions with strong CNR and
favorable observation conditions, but increases in the far field as CNR
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decreases, particularly west of the radial-speed “zero line” (approxi-
mately 315° azimuth). The directional standard deviation shows a
similar pattern, remaining low in the central region and increasing
sharply in the far field. In addition, within 0.5 km of the lidar, the
limited beam geometry reduces the accuracy of vector retrieval.

As a result, these results validate that the 200 ns configuration
effectively captures large-scale, non-uniform turbulent wind fields. The
Bayesian framework also successfully retrieves fine-scale flow structures
in the horizontal wind field and provides their standard deviations.

3.2.2. 15 m resolution

To fully resolve the wind field at the finest possible scale, CDWL is
configured for 100 ns, corresponding to a spatial resolution of 15 m. As
the pulse energy decreases and the signal range shrinks, the scanning
wind field is geographically focused as a more concentrated sector, with
a maximum coverage area of 2.5 km, as shown in Fig. 6.

The raw wind field observation data demonstrate the characteristics
of this high-resolution mode, as shown in Figs. 6(a) and 6(b). The CNR
decays rapidly, with usable signal becoming weak and noisy beyond
1.5 km. However, this limited range is perfectly sufficient for detailed
observation of the bridge site. The high-CNR returns from the main
girder clearly identify the focused measurement region, while the radial
speed reveals fine-scale flow structures around the bridge. As shown in
Figs. 6(c) and 6(d), these features are retained in the retrieved north and
east wind components. The 15 m retrieval results exhibit dense, small-
scale “ripples”, reflecting localized velocity fluctuations.

The retrieved horizontal wind speed and direction further
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demonstrate the advantages of this configuration, as shown in Figs. 6(e)
and 6(g). The “ribbon-like” disturbances observed in the low-resolution
scan are resolved into complex clusters of alternating high- and low-
speed filaments, together with a distinct shear-layer region down-
stream of the North Tower. These features are more clearly captured at
the 15 m resolution. As shown in Figs. 6(f) and 6(h), the standard de-
viations of wind speed and direction increase markedly beyond 1.5 km,
consistent with the CNR decay and indicating the influence of signal
quality on retrieval uncertainty. The Bayesian approach also captures
geometry-related uncertainty patterns, including near-field directional
instability and the radial-velocity “zero line”, further demonstrating its
robustness.

Therefore, the 15 m resolution configuration provides a detailed
wind field, revealing the fine-scale turbulent and wake structures
around the bridge. This results confirms that Bayesian method effec-
tively retrieves the wind field characteristics at this high-fidelity
resolution.

3.3. Wind field verification and analysis

3.3.1. Wind speed time-history verification

After analyzing the spatial structure of the horizontal wind field, this
section further evaluates the effectiveness of the Bayesian retrieval re-
sults using in-situ measurements from multiple ultrasonic anemometers.
Due to the obstruction of the main girder, there may be missing wind
lidar echo data on the windward side. Therefore, the leeward
anemometer has a better spatial correspondence with the wind lidar
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retrieval area. The validation results are derived from a relatively long
continuous observation period (10:52-14:42) and include three repre-
sentative locations on the leeward side of the main girder (L/4, L/2, and
3 L/4), as shown in Fig. 7. At midspan, the ultrasonic anemometer is
installed 4.0 m above the girder, corresponding to an elevation of
54.1 m. The lidar beam height at midspan is approximately 52.3 m,
giving a vertical separation of approximately 1.8 m from the ultrasonic
anemometer. The ultrasonic anemometer data used for validation are
recorded at 1 Hz. For each PPI scan, the retrieved values at L/4, L/2, and
3 L/4 are paired with the ultrasonic-anemometer observations closest to
the corresponding lidar acquisition times, rather than averaged over the
complete PPI scanning period.

Although the lidar-derived horizontal wind speed does not resolve
the high-frequency peaks observed by the anemometer, it reasonably
follows the overall trend of the in-situ measurements. At the L/4 location
near the south tower, slight flow disturbances are observed, as shown in
Fig. 7(a). Nevertheless, the lidar retrieval captures the gradual increase
in wind speed from approximately 7 m/s to 9 m/s between 12:00 and
12:40. At the L/2 location, where the airflow is relatively uniform and
minimally disturbed, the retrieved wind speed agrees well with the
overall trend of the anemometer measurements, demonstrating good
performance of the Bayesian method at mid-span. At the 3 L/4 location,
the longer lidar range leads to reduced signal quality, as shown in Fig. 7
(c). Despite the stronger fluctuations recorded by the anemometer, the
Bayesian retrieval still captures the temporal evolution of the mean wind
speed.

As a result, the wind speed time-history comparison demonstrates
that the Bayesian framework successfully and accurately retrieved
spatially representative mean airflow at multiple key locations along the
bridge deck.

3.3.2. Influence of prior distributions

In the Bayesian framework, the prior distribution p(u, v) is crucial for
constraining the inherently ill-posed nature of the retrieval problem.
The proposed method incorporates two types of priors: the background
wind field prior p,(u,v), which provides valuable initial flow informa-
tion, and the spatial smoothness prior p.(u,v) which enforces local
smoothness and spatial continuity. To examine the sensitivity of these
priors to retrieval accuracy, three models are evaluated:

(1) using only the background prior py(u,v).

(2) using only the smoothness prior p.(u,v).

(3) using the combined prior p(u, v), which integrates both back-
ground and smoothness.

The analysis is conducted using 12 consecutive CDWL scans collected
between 12:00 and 12:40. For each retrieval, the wind speed and
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direction at the bridge midspan location are compared with measure-
ments from the supersonic anemometer (FS-11-02), and the total
retrieval error is calculated. A detailed quantitative comparison of the
wind speed retrieval performance for the three prior distributions is
shown in Fig. 8. The four evaluation metrics (RMSE, MAPE, MAE, and
Bias) provide a comprehensive assessment of the retrieval accuracy. The
results show that relying on a single prior is insufficient.

The RMSE and MAPE metrics primarily quantify the overall magni-
tude of the wind speed retrieval error, as presented in Fig. 8(a). The
background prior yields a relatively high RMSE of 1.61 m/s and a MAPE
of 29.38%. The background prior yields an RMSE of 1.61 m/s and a
MAPE of 29.38%, indicating that it captures the general flow magnitude
but still produces notable local errors without smoothness constraints.
The smoothness prior performs worse, with an RMSE of 1.87 m/s and a
MAPE of 31.60%, showing that the smoothness constraint alone is
insufficient without background flow information. In contrast, the
retrieval approach that integrates background and smoothness priors
demonstrates significant improvements across all evaluation metrics.
The RMSE decreases to 1.26 m/s, corresponding to reductions of
21.73% and 32.62% relative to the background and smoothness priors,
respectively.

The MAE and Bias metrics primarily characterize the systematic
accuracy of the retrieval framework, as shown in Fig. 8(b). The MAE
exhibits a similar decreasing trend to RMSE, reflecting a reduction in
absolute error. Moreover, the Bias obtained using the combined back-
ground and smoothness prior decreases to nearly zero (-0.08 m/s),
confirming the improved accuracy and reliability of the retrieved wind
field. Therefore, these two priors are complementary and essential for
accurate wind speed retrieval.

The wind direction retrieval error exhibits a trend similar to that of
the wind speed retrieval error, as shown in Fig. 9. The dramatic influ-
ence of the prior distributions on the RMSE of wind direction is pre-
sented in Fig. 9(a). The smoothness prior, which lacks background flow
information, produces a large RMSE of 8.61°. The background prior
performs similarly poorly, yielding an RMSE of 7.45°. In contrast, the
combined background and smoothness prior effectively limits the errors,
with RMSE reduced by up to 22.18%.

This is further confirmed by examining the MAE and deviation, as
shown in Fig. 9(b). The MAE of wind-direction retrieval shows a similar
trend. The single-prior cases exhibit relatively large errors, whereas the
combined background and smoothness prior achieves the lowest MAE of
5.76°. The single-prior cases also produce larger systematic biases, while
the combined prior reduces the Bias to only 0.39°, indicating improved
accuracy and reduced systematic deviation in wind-direction retrieval.

These results consistently demonstrate the critical importance of
employing a fully informed prior. By integrating both, the combined
background and smoothness prior effectively stabilize the retrieval and
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Fig. 8. Wind speed metric variation for the proposed method under different prior distributions for the anemometer FS-11-02.
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minimizes errors for wind speed and direction.

3.3.3. Uncertainty analysis on the main girder

To validate the reliability of the Bayesian method in quantifying
wind field uncertainty, the analysis results at three important locations
along the main girder (L/4, L/2, and 3 L/4) are compared with the on-
site anemometer measurements. Considering all validation samples
from 10:52-14:42 at L/4, L/2, and 3 L/4, 94.2% of the ultrasonic-
anemometer wind-speed observations fall within the corresponding
95% confidence interval (CI). The probability density function (PDF)
and 95% CI of the retrieved horizontal wind speed at three representa-
tive locations are presented in Fig. 10. The red solid line represents the
anemometer’s measured wind speed, while the red numerical label de-
notes the corresponding value.

The PDF distribution at the L/4 location near the south tower is

relatively broad, as shown in Fig. 10(a). The posterior mean wind speed
is 9.78 m/s, while the anemometer records a slightly higher value of
11.87 m/s. The 95% CI range is [6.14, 13.65] m/s, indicating higher
uncertainty near the south tower region. In contrast, the PDF at the L/2
location is sharply peaked, with a posterior mean of 10.10 m/s and a
narrow CI of [9.03, 11.13] m/s, as illustrated in Fig. 10(b). The
anemometer measurement (9.56 m/s) coincides closely with the poste-
rior mean and lies near the center of the CI. This indicate that the un-
certainty quantification maintains high accuracy and stability at mid-
span, benefiting from a more uniform wind field and high-quality
lidar echo signals. At the 3 L/4 location near the north tower, the PDF
broadens again, with a posterior mean of 10.24 m/s and a CI of [8.99,
11.45] m/s, as shown in Fig. 10(c). This increased uncertainty is mainly
associated with reduced signal quality and stronger downstream flow
fluctuations. Overall, the Bayesian method captures the mean wind-
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speed variation while quantifying the spatial differences in retrieval
uncertainty around the bridge.

For wind direction, 93.6% of the ultrasonic-anemometer observa-
tions fall within the corresponding 95% CI over the same validation
period and locations. The PDFs and 95% CIs of the retrieved horizontal
wind direction at the three key locations along the bridge span (L/4, L/2,
and 3 L/4) are presented in Fig. 11. Since wind direction is derived from
multiple vector components, it is generally more sensitive to retrieval
instability and local flow disturbances.

The posterior PDF at the L/4 location is gradually peaked, with its
mean at 243.55°, whereas the anemometer records is 237.15°, as shown
in Fig. 11(a). The 95% CI is relatively wide within the range [232.41°,
254.78°], showing a relatively high directional uncertainty. However,
the posterior distribution at the L/2 location is narrower and centered at
229.86°, corresponding to a stable westerly flow, as presented in Fig. 11
(b). The 95% CI extends from approximately 219.70° to 239.83°, and the
anemometer reading (233.92°) aligns closely with the posterior mean,
demonstrating that the Bayesian method achieves high-precision di-
rection retrieval in the mid-span region. The posterior PDF is almost
symmetrical at the 3 L/4 location near the north tower, with a mean of
234.61° and a 95% CI of [223.95°, 245.94°], as shown in Fig. 11(c). The
anemometer measurement (239.76°) lies close to the upper bound of
this high-probability region, suggesting a slight overestimation of wind
direction in the retrieved field. This moderate bias and increased un-
certainty arise from the wake structure and reduced CNR under the
current observation conditions.

These results demonstrate that the Bayesian retrieval framework
accurately reproduces the spatially varying mean flow and provides a
quantitative characterization of retrieval confidence. The approach thus
enables both accurate retrieval of the bridge-scale wind field and
quantification of the associated uncertainty required for risk assessment.
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3.4. Comparison of different retrieval methods

To comprehensively evaluate the retrieval capability of the proposed
Bayesian framework, it is systematically compared with four traditional
single-lidar retrieval algorithms using all valid observational data from
10:52-14:42. The selected methods include classical Uniform Wind
(UW) [60], Velocity Azimuth Process (VAP) [61], and Velocity Plan
Processing (VPP) [62], along with more advanced Variational Method
(VM) [45]. A detailed comparison of all evaluation metrics for key lo-
cations L/4, L/2, and 3 L/4 is listed in Table 2, including RMSE, MAPE,
MAE, and Bias for wind speed and direction.

The comparison of horizontal wind speed errors directly reflects the
retrieval performance for the overall mean flow of the wind field. As
shown in Table 2, at three locations (L/4, L/2, and 3 L/4), the classical
algorithms UW and VAP exhibit the poorest performance, with RMSE
ranging from 3.1 to 4.5 m/s. Their high Bias indicates a significant
systematic underestimation. This is primarily because these algorithms
rely on overly simplistic assumptions (like horizontal homogeneity) that
are violated in complex bridge-flow. The VPP method shows moderate
improvement, with an RMSE of 2.35 m/s at L/2 location. The VM de-
livers a substantial enhancement, achieving an RMSE of 1.32 m/s at L/2
location.

On this basis, the proposed Bayesian inference method demonstrates
comprehensive and significant superiority, achieving the best perfor-
mance across all wind speed metrics at the three locations. The method
exhibits the lowest RMSE at the favorable L/2 location and maintains
similarly low errors at the more complex L/4 and 3 L/4 locations. Spe-
cifically, the method achieves an RMSE of 1.15 m/s, representing a
12.87% error reduction relative to the next-best VM and a 51.06%
reduction compared with VPP. In addition, the Bias of the method is only
—0.07 m/s, which approaches an ideal unbiased state. This superiority
arises from the Bayesian framework’s ability to integrate smoothness
priors with a background prior, allowing it to obtain a more accurate
and stable retrieval results than the deterministic method alone.
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Table 2
Performance comparison of different models.

Engineering Structures 370 (2027) 124031

Span Method Wind speed Wind direction
RMSE MAPE MAE Bias RMSE MAE Bias
L/4 uw 4.41 0.45 2.08 -0.41 15.28 12.31 -2.62
VAP 3.25 0.43 1.75 -0.34 14.80 12.56 -1.86
VPP 2.42 0.38 1.42 -0.23 11.28 8.82 -1.17
VM 1.58 0.31 1.33 -0.14 8.35 6.77 -0.92
Bayesian Inference 1.32 0.26 1.22 -0.09 7.42 6.20 -0.44
L/2 uw 4.33 0.46 2.04 -0.40 13.86 10.9 -2.34
VAP 3.18 0.41 1.62 -0.32 11.54 9.38 -1.89
VPP 2.35 0.35 1.38 -0.21 9.81 7.92 -1.32
VM 1.32 0.29 1.15 -0.11 7.32 6.03 -0.87
Bayesian Inference 1.15 0.24 1.05 -0.07 6.10 4.82 -0.31
3L/4 uw 4.52 0.48 2.05 -0.42 14.14 11.43 -2.53
VAP 3.35 0.40 1.83 -0.35 13.57 11.44 -1.96
VPP 2.57 0.37 1.57 -0.22 10.45 8.47 -1.34
VM 1.46 0.30 1.22 -0.12 7.76 6.34 -0.94
Bayesian Inference 1.27 0.25 1.16 -0.08 6.57 5.65 -0.38

Calculating wind direction from different wind vectors presents a
challenge to all methods. For wind-direction evaluation, the retrieved
directions are expressed in degrees. Wind-direction errors were evalu-
ated using the shortest signed angular difference within [-180°, 180°],
thereby accounting for the periodicity of wind direction at the [0°, 360°]
boundary. At the 3 L/4 location, the RMSEs of UW, VAP, VPP, and VM
are 14.14°, 13.57°, 10.45°, and 7.76°, respectively. The proposed
Bayesian method achieves the lowest RMSE of 6.57°, corresponding to
improvements of 15.34% over VM and 53.54% over UW. Its Bias at L/4
is also close to zero (0.44°), indicating reduced systematic deviation.
These results demonstrate that the Bayesian framework, supported by a
posterior distribution, effectively mitigates the ill-posedness of wind
direction retrieval.

In summary, the systematic comparison in Table 2 provides clear
evidence of the proposed Bayesian method’s advantages. Unlike deter-
ministic algorithms, this method achieves the highest wind field
retrieval accuracy across the entire bridge span and quantifies the un-
certainty associated with the retrieval process. Consequently, the pro-
posed Bayesian inference method establishes a robust foundation for
probabilistic wind field Retrieval in complex, large-scale structural
environments.

4. Conclusions

This study presents a novel Bayesian inference framework for the
retrieval of 2D horizontal wind fields around long-span bridges using
CDWL measurements. The proposed approach overcomes the limitations
of traditional deterministic algorithms, which provide only single-point
estimates. By inferring the full posterior probability distribution of the
wind field, the framework enables a rigorous and interpretable quanti-
fication of retrieval uncertainty while maintaining high retrieval fidel-
ity. Unlike classical Bayesian methods, the proposed Bayesian retrieval
framework integrates background wind field prior and spatial smooth-
ness prior to overcome the inherently ill-posed problem. The framework
is validated through full-scale CDWL measurements at the NYRB. Results
demonstrate that the combined prior significantly improves the stability
and physical consistency of the retrieved wind field compared to a single
prior. The anemometer observations on the bridge all fall within the
95% CI range derived from the posterior distribution. In addition, the CI
width adaptively adjusts in regions with low CNR or unfavorable lidar
geometry, demonstrating the method’s ability to propagate uncertainty.
The proposed Bayesian framework achieves the highest accuracy and
stability when benchmarked against four traditional retrieval algorithms
(UW, VAP, VPP, and the VM).

The success of the Bayesian framework highlights the importance of
wind lidar to bridge wind engineering, particularly in full-scale bridge
wind field measurements. Beyond deterministic estimates, the Bayesian
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method provides both precision and interpretability, enabling re-
searchers to evaluate wind loading with quantified confidence. Never-
theless, the present validation is based on a single daytime field
campaign under a limited range of wind conditions, and broader field
observations are still needed to further assess the general applicability of
the framework. Future studies can construct independent background
fields using high-resolution numerical weather prediction, or indepen-
dent lidar measurements to evaluate the influence of background-field
dependence on posterior uncertainty. Additionally, integrating wind
lidar into SHMS may provide a more comprehensive understanding of
the bridge-site wind field, thereby supporting wind-bridge interaction
analysis and bridge operation management.
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