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ABSTRACT

Understanding how wind flows in urban environments is vital for the low-altitude aviation economy, aviation safety, and building monitor-
ing. However, even Doppler lidar, currently the most effective remote sensing tool for wind field measurement, faces challenges in urban
environments due to insufficient spatial resolution and signal blockage by buildings. To solve these problems, we propose UrbanFlow-Dif, a
novel artificial intelligence framework designed to reconstruct fine-scale wind information from sparse lidar data. The model learns from
high-resolution simulations of airflow around buildings generated by computational fluid dynamics and uses a diffusion-based generative
model, which can remove noise and recover detailed flow structures. Subsequently, the sensitivity of model performance with different scan-
ning configurations is studied to reveal the influence mechanism of lidar position angle, spatial resolution, and scanning step angle. These
results demonstrate that UrbanFlow-Dif successfully reconstructs the complex wake structures, achieving a root mean square error below
1.284m/s even under sparsity conditions (finer than 30m/1�). Ensemble averaging can further improve the reconstruction performance. This
work provides a new foundation for fine-scale urban wind field detection and reconstruction.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0297817

I. INTRODUCTION

The fine detection of urban wind fields at high spatiotemporal
resolution is critical for the low-altitude aviation economy,1 aviation
safety,2–5 and building monitoring.6–9 Coherent Doppler wind lidar, as
a remote sensing instrument, actively emits pulsed laser beams and
retrieves radial wind velocity by detecting the Doppler frequency shift
of the backscattered signal from aerosol particles. It has the advantage
of a flexible scanning mode and been widely used in atmospheric wind
field detection.10–13 However, the spatial resolution of existing lidar
systems is insufficient to meet the requirements for capturing meter-
scale turbulent characteristics within the urban building wake.8

Although some pulse modulation methods have emerged in recent
years to improve spatial resolution,14,15 these high-resolution lidars
face the challenge of pulse crosstalk, spectrum broadening, longer

accumulation time and poor stability of the pulse coding system.
Indiscriminately enhancing the range resolution can lead to a substan-
tial increase in hardware costs and technical complexity.16 In addition,
the laser propagation is blocked by low-altitude buildings, resulting in
a phenomenon known as beam blockage.17 This results in a lack of
detection information in the core region of wake. Therefore, for the
detection of fine-scale building wake, lidar still faces the challenge
related to sparse spatial sampling and beam blockage.

In recent years, the rapid advancement of deep learning methods
has provided new opportunities for reconstructing building wake,
owing to their strong capability to address highly nonlinear problems.
In urban environments, background wind fields often exhibit fully
developed turbulence characterized by high Reynolds numbers (Re).
This complexity poses substantial challenges for effective flow field
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reconstruction, especially when relying on sparse in situ measure-
ments. However, most studies have focused on the wake with low
Reynolds numbers (Re) and random sampling.18,19 Data-driven frame-
works have been developed for reconstructing flow fields from in situ
measurements, exploiting the organized, viscosity-dominated charac-
teristics of low Reynolds number flows that enable effective encoder–
decoder architectures for accurate reconstruction.20–23 A deep learning
framework based on generative adversarial networks (GANs) is devel-
oped to reconstruct global turbulent wake from randomly distributed
in situ measurements, demonstrating effective performance even with
chaotic high Reynolds number flow behavior.24 Although this model
has been widely applied, it is constrained by its deterministic architec-
ture, which is designed to produce a single optimal reconstruction for
each set of input data during training.25,26 However, data from in situ
measurements are insufficient to fully constrain the entire physical sys-
tem. In practice, it is difficult to obtain high-density in situ measure-
ment data. This sampling method tends to capture the average state of
the wind field, but is less effective at capturing turbulent characteristics
in the building wake. As a result, reconstruction becomes a typical
one-to-many problem, in which the same sparse input can yield multi-
ple physically reasonable complete wind field solutions. GANs struggle
to generate multiple solutions that comply with physical constraints.

Diffusion models (DMs) can capture the spatial distribution of
atmospheric states, providing a foundation for inferring the current
state from limited observation.27,28 As a class of probabilistic generative
models, DMs are suitable for learning complex, high-dimensional
distributions—from precipitation29 to earth’s atmospheric states.30

This makes them well-suited for capturing the intricate patterns of
building wake. By usingMarkov chains to generate data samples, diffu-
sion models avoid the unstable adversarial training required by GANs.
DMs can serve as learned priors for Bayesian inference, where their
probabilistic foundations enable principled uncertainty quantification.
The key feature of DMs is their inherent stochasticity, which allows
them to produce multiple plausible outputs from the same input, all
consistent with the learned distribution. Urban wind field reconstruc-
tion depends on simulating in situmeasurements (such as wind veloc-
imeters).31,32 This sampling method tends to capture the mesoscale
and microscale wind field, but it is difficult to capture turbulent char-
acteristics in the building wake. Even with DMs, the diversity of their
solution sets may be limited by the information bottleneck inherent in
the input data itself. Fortunately, lidar can provide more uniform and
structured spatial wind field information. This makes it possible to
reconstruct the fine wind field characteristics that existing methods
cannot observe.

To address these challenges of insufficient spatial resolution and
beam blockage, we propose UrbanFlow-Dif, a novel artificial intelli-
gence framework that reconstructs fine-scale wind fields from sparse
lidar data. Trained on high-resolution CFD simulations of building air-
flows, the model employs a diffusion-based generative approach that
learns to infer detailed flow structures from noisy, incomplete observa-
tions. First, the wind field of building wake flows are simulated using
computational fluid dynamics (CFD), ensuring the generated data are
physically constrained and representative of realistic urban flow pat-
terns with a high Re number. Second, the virtual lidar scanning process
is applied to project these high-fidelity CFD fields into a sparse set of
observations for radial wind fields. Datasets of sparse inputs of lidar
are built, corresponding to ground truth fields. Finally, a framework

leveraging a conditional diffusion model named UrbanFlow-Dif is
demonstrated. This study is organized as follows. Section II describes
the generation of the datasets based on CFD simulations and virtual
lidar. Section III presents the UrbanFlow-Dif framework, including the
conditional diffusion model architecture and training configuration.
Section IV evaluates the model’s performance and uncertainty, as well
as its influence factor. A conclusion is drawn in Sec. V.

II. DATA

This section details the generation of the dataset used for training
and evaluating the UrbanFlow-Dif model. The research framework is
illustrated in Fig. 1. In Step 1, high-fidelity wind fields of building
wakes are simulated using large eddy simulation (LES). In Step 2,
radial velocity fields are calculated from eight lidar position angles, and
1600 snapshots are generated. In Step 3, training and testing sets are
constructed using random sampling and structured sampling with
beam blockage, respectively. In Step 4, the UrbanFlow-Dif model is
trained to reconstruct wind fields from sparse inputs. In Step 5, model
performance is evaluated using quantitative metrics on the testing set.

A. CFD simulation of building wakes

The data are derived from a high-fidelity CFD simulation of the
wake around a single building with dimensions 10 m (length)� 10 m
(width)� 50m (height). The characteristic dimension D is defined as
10m, representing the building width. The simulations are performed
using LES, a technique well-suited for capturing the transient and tur-
bulent characteristics of urban wind fields. The computational domain
is defined as a rectangular volume of 500 (length)� 500
(width)� 200m (height). The simulations are configured to model a
neutrally stratified atmospheric boundary layer flow. The reference
speed for the boundary condition of the velocity inlet is set to 10m/s,
with a Reynolds number of Re� 6.7� 105. This setup ensures the
development of a complex, turbulent wake downstream of the obstacle,
which serves as the primary phenomenon for the reconstruction task.
To accurately capture the wake structures while maintaining computa-
tional efficiency, a non-uniform grid was employed for the simulation,
with a fine resolution of 0.4m in the core region of the wake.

The two-dimensional slices of three-dimensional wind fields are
extracted at a height of z¼ 15m. This height is selected as a represen-
tative level that is sufficiently high to mitigate ground surface friction
effects while still capturing the primary wake structure. A square
domain of 256� 256m is selected. This domain is mapped onto a grid
with a spatial resolution of 1m, resulting in a 256� 256 grid using
cubic interpolation. This resolution is fine enough to adequately
resolve the key turbulent structures within the wake of the 10m build-
ing, ensuring physical fidelity. Second, it produces a uniform
256� 256 pixel grid, which serves as an ideal input format for our
model. Each grid contains the three Cartesian velocity components (u,
v, w) on this grid, representing an instantaneous, high-fidelity snapshot
of the building wake. From the continuous time-series data generated
by the CFD simulation, 200 distinct snapshots were extracted at differ-
ent time steps to ensure a diverse representation of the flow evolution.

B. Radial velocity calculation

With the snapshot of the building wake established, the next step
is to simulate the physical process of lidar detection. This is accom-
plished by projecting the three-dimensional vector fields onto the
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lidar’s radial velocity fields, as shown in Fig. 2. These fields then serve
as the input for the subsequent sparse sampling procedure.

To simulate the observation, a virtual Doppler wind lidar is con-
figured to perform a plan position indicator (PPI) scan, where the ele-
vation angle is fixed at 0� to capture the horizontal wind field.16 The
lidar position is defined by its distance (R) from the domain’s center
and its lidar position angle (a) for the mean flow direction, as shown
in Fig. 2(j). In real physical scenes, the installation position of lidar is
usually fixed, and the wind direction often changes, leading to changes
in the wake distribution and blockage level caused by buildings. Here,
these scenarios are simulated by changing the lidar position angle rela-
tive to the fixed wake axis. The transformation of the lidar position
angle is used to reflect the influence of direction variations in this
work, which simplified the dataset. For this study, the distance is held
constant at R¼ 400m, while the lidar position angle is varied across
eight discrete values: f0�, 45�, 90�, 135�, 180�, 225�, 270�, and 315�g.
By varying lidar position angles, data are generated from multiple lidar
position angles.

For each ground truth field and a given virtual lidar position, a
corresponding radial velocity field (Vr) is computed. The radial

velocity at any grid point is the scalar projection of the three-
dimensional Cartesian velocity components (u, v, w). This is calculated
using the following equation:

Vr ¼ u � sinðuÞ þ v � cosðuÞð Þ � cosðhÞ þ w � sinðhÞ; (1)

where u, v, and w are the zonal, meridional, and vertical wind compo-
nents. u is the azimuth angle and h is the elevation angle of the virtual
lidar observation. In the lidar coordinate convention, the azimuth
angle u is defined with 0� corresponding to true north, and scanning
proceeds clockwise as shown in Fig. 2(j). The lidar position angle a
describes where the lidar is physically located, while the azimuth angle
u describes the direction the lidar scans toward. And a¼ 0� corre-
sponds to the lidar positioned on the right side of the building, while
a¼ 180� corresponds to the left side. Radial velocity is defined as posi-
tive when directed away from the lidar and negative when directed
toward the lidar. This projection replicates how a physical lidar instru-
ment transforms the three-component wind vector into the radial
wind fields. The refresh rate of lidar can be significantly increased by
reducing pulse accumulation time for short-range detection. And
emerging multi-beam systems like the transient wind camera can

FIG. 1. Schematic of the research frame-
work for wake reconstruction. Step 1: high-
fidelity building wake fields are generated
using large eddy simulation (LES). Step 2:
radial velocity fields from eight viewing
angles generate 1600 snapshots. Step 3:
training and test datasets are constructed
via random sampling (no blockage) and
structured sampling (with blockage). Step 4:
UrbanFlow-Dif learns the mapping from
sparse inputs to ground truth fields. Step 5:
Performance is evaluated using RMSE and
SSIM metrics.

FIG. 2. Composite visualization of two-
dimensional wind field and radial velocity
components from multiple lidar position
angles. (a)–(d) and (f)–(i) Radial velocity
fields (Vr) were observed from virtual lidar
positions with lidar position angles of 0�,
45�, 90�, 135�, 180�, 225�, 270�, and
315�, respectively. (e) Initial 2D wind field
(u, v). (j) Lidar scanning geometry sche-
matic showing lidar positioned at distance
R¼ 400m and lidar position angle
(a)¼ 135�. The azimuth angle (u) is
defined with 0� corresponding to north,
and the scan proceeds clockwise. u and v
represent the zonal and meridional wind
components, corresponding to azimuth
angles of 90� and 0�, respectively. The
inlet velocity is set to 10 m/s from the left
side. All fields represent simulations over
a 256� 256m domain.
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acquire data almost simultaneously.33 Therefore, the influence of scan-
ning time is neglected in this study. The influence of this geometric
projection is considerable, as demonstrated in Figs. 2(a)–2(d) and
2(f)–2(i), modifying the lidar position angle leads to dramatic changes
in the resulting radial velocity patterns.

When u¼ 10, v¼ 0m/s, and h¼ 0�, Eq. (1) simplifies to
Vr¼ 10�sin u (m/s). The sign and magnitude of the background radial
velocity field are determined by the sin u term, which varies with the
azimuth angle. For example, when the lidar position angle is 0�, the
sector PPI scan encompasses an azimuth range of u¼ 270� 6 25.2�

(based on the 256m domain width at R¼ 400m), corresponding to
u2 [244.8� and 295.2�]. The term of sin u remains consistently nega-
tive across the entire scan sector, resulting in negative background
radial velocities, as observed in Fig. 2(f). When the lidar position angle
is 90�, the azimuth range shifts to u¼ 180� 6 25.2�, corresponding to
u2 [154.8� and 205.2�]. In this configuration, sin u transitions from
approximately �0.43–0.43, causing radial velocities to transition
smoothly from negative values on the left side to positive values on the
right side, as shown in Fig. 2(b).

C. Dataset construction

This section describes the construction of sparse input datasets
from radial velocity fields. The 200 snapshots are divided into training
and test datasets, comprising 80% and 20%, respectively. The training
dataset is designed to compel the model to learn the underlying flow
physics, independent of beam blockage. Random sampling is
employed to generate sparse data points from Vr fields, creating an
idealized reconstruction task that avoids overfitting to specific scan-
ning patterns. For each training snapshot, Vr fields of eight different
lidar position angles are generated. Beam blockage is ignored to ensure
fully observable fine-scale wake characteristics. The training set is gen-
erated by randomly sampling 100, 500, and 1000 points to enhance
model robustness across varying data sparsity. The sampling proce-
dure is repeated five times for eachVr field, yielding 6400 unique train-
ing pairs. This approach enables flow field reconstruction from sparse
data without bias from specific scanning patterns or beam blockage.
By training on randomly sampling data, the model develops the ability
to infer complete flow physics from limited observations, improving
its generalization when applied to lidar scanning configurations with
beam blockage.

The test dataset is designed to evaluate model performance under
realistic conditions by virtual lidar scanning configurations. For each
test snapshot, two key lidar parameters are systematically varied: radial
spatial resolution and scanning step angle. Each parameter

combination defines a unique scanning configuration that produces
distinct and structured sparse inputs. For each configuration, the test
dataset includes 40 unique pairs. During scanning, beam blockage
effects are incorporated when scan lines intersect building obstacles.
Larger radial spatial resolution and scanning step angle result in
sparser sampling points with beam blockage, as shown in Fig. 3.

Each sparse input comprises two channels, both containing
256� 256 matrices representing grid points in the horizontal and ver-
tical directions of the radial wind field, with a grid resolution of 1m.
The first channel contains the radial wind velocity at sampling points,
while the second channel provides a position mask for the sampling
points. This second channel is designed to effectively utilize and high-
light sensor location information. This approach provides flexibility in
sensor configuration and directly encodes sensor locations into the
model through their spatial coordinates.

III. METHODOLOGY

This section presents the methodology for reconstructing the
fine-scale wake. We first introduce the architecture of our proposed
framework, UrbanFlow-Dif, which is based on a conditional denoising
diffusion probabilistic model (DDPM). Next, we define the evaluation
metrics used to quantitatively assess the reconstruction performance.
Finally, we describe the specific training configuration and hyperpara-
meters employed in this study.

A. Denoising diffusion probabilistic model

For this study, we selected the denoising diffusion probabilistic
model (DDPM) architecture, prioritizing maximal reconstruction
fidelity over the faster sampling speeds offered by variants, such as
DDIM. The robustness and proven performance of the DDPM in gen-
erating high-quality, physically plausible results make it the most suit-
able framework for the scientific task of precise flow field
reconstruction.

The UrbanFlow-Dif, based on the DDPM, is proposed to recon-
struct complete radial wind fields from sparse lidar data. The DDPM
framework, first introduced by Ho et al.,34 comprises a fixed forward
and learnable reverse process. In the forward process, Gaussian noise
is progressively added to the radial wind field, transforming it into
unstructured pure noise. Then, a reverse process is learned to itera-
tively remove the noise and generate complete wind fields from sparse
lidar data, as illustrated in Fig. 4.

The fixed forward process is defined as a Markov chain that pro-
gressively adds a small amount of Gaussian noise to the data over T

FIG. 3. Visualization of lidar scanning sim-
ulation, illustrating the impact of scanning
configuration and beam blockage. (a)
Ground truth radial velocity field in a reso-
lution of 1 m. (b) and (c) Resulting struc-
tured sparse grids generated with two
different scanning configurations: (b) fine
resolution with 30 m radial spatial resolu-
tion and 1� scanning step angle and (c)
coarse resolution with 60 m radial spatial
resolution and 2� scanning step angle.
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discrete timesteps. At each time step t, q represents the probability dis-
tribution for progressively adding noise to the data34

q xtjxt�1ð Þ ¼ N xt ;
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� bt

p
xt�1; btI

� �
; (2)

where xt is the noisy data sample at time step t, and bt2 (0, 1) is a pre-
defined, small positive constant representing the noise variance sched-
uled for that step. The termN denotes a Gaussian distribution, and I is
the identity matrix.

This can be further simplified by directly sampling xt from x0
34

q xt jx0ð Þ ¼ ffiffiffiffiffi
�at

p
x0þ

ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� �at

p
�; � � N 0; 1ð Þ; (3)

where at ¼ 1� bt , and �at ¼ Qt
t¼1 ai, � is a standard Gaussian noise.

The reverse process is approximated with a learned Gaussian
transition parameterized by a neural network #. This model is trained
to predict the less noisy sample xt�1 from the noisier sample xt

34

p#ðxt�1jxtÞ ¼ N ðxt�1; l#ðxt ; tÞ;R#ðxt ; tÞÞ; (4)

where the l# and
P

# are predicted by a neural network based on xt
and t. The full generative process starts with a sample xT from the
Gaussian prior and iteratively applies this learned denoising step for
t¼T, T� 1,…, 1 to generate a clean sample x0. The function approxi-
mator for the mean, l#(xt, t), is a standard U-Net architecture condi-
tional on the time step t and the sparse lidar data.34,35 The time step t
is incorporated via sinusoidal positional embeddings, while the sparse
lidar data are concatenated with the noisy input xt along the channel
dimension to guide the denoising process. Following DDPM parame-
terization, the training loss L(#) simplifies to a mean-squared error
between the ground truth noise and the predicted noise at time step t34

Lð#Þ ¼ Et;x0 ;� k�� �#ð
ffiffiffiffiffi
�at

p
x0 þ

ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� �at

p
�; tÞk2

� �
; (5)

where a ground truth x0, a time step t and standard Gaussian noise �
are randomly selected, and xt is obtained through Eq. (4). xt and t are
fed into the U-Net architecture to predict the noise �#.. Then, the
mean squared error between the ground truth noise � and the

predicted noise �# is calculated. The objective is to minimize this error
by optimizing the neural network parameters #.

B. Evaluation metrics

In order to quantitatively assess the quality of fine-scale wind
characteristics, the root mean square error (RMSE) and structural sim-
ilarity index measure (SSIM) are introduced. RMSE measures the dis-
crepancy between generated radial wind fields and ground truth,
serving as a reconstruction accuracy metric defined as

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

voutputi � vreali

� �2
s

; (6)

where voutputi and vreali represent reconstructed radial velocities and
ground truth of grid point i, n is the total number of grid points.

In addition to RMSE, the SSIM is employed as a complementary
metric. While RMSE is sensitive to absolute velocity magnitudes, SSIM
focuses on structural similarity and pattern fidelity, making it particu-
larly valuable for comparing reconstruction quality across scenarios
with different background wind speeds. The SSIM incorporates factors,
such as luminance, contrast, and structure, aiming to compare the
structural similarity. The SSIM is given by

SSIM x; yð Þ ¼
2lxly þ c1
� �

2rxy þ c2ð Þ
l2xþl2y þ c1
� �

r2x þ r2y þ c2
� � ; (7)

where lx; ly are the average pixel values and rx , ry , and rxy are the
variances and covariance of the image. c1 and c2 are constants intro-
duced to avoid division by zero. An SSIM value closer to 1 indicates
higher structural similarity between the reconstructed and the ground
truth, while a lower RMSE value signifies smaller error.

C. Training configuration

The UrbanFlow-Dif is implemented in PyTorch. Training utilizes
randomly sampled data, while evaluation employs test sets with virtual

FIG. 4. Schematic diagram of the UrbanFlow-Dif model for sparse reconstruction of building wake based on the DDPM framework. The forward process progressively trans-
forms a radial wind field (X0) into an isotropic Gaussian noise sample (XT) over T timesteps. The reverse process starts from XT and is conditionally guided by sparse lidar data
to iteratively denoise and reconstruct the complete radial wind field. In the equations, q denotes the fixed forward, while noising process, and ph represents the learnable
reverse denoising process parameterized by a neural network with parameters h. xt is the data sample at time step t, bt is the pre-defined noise variance at that step, and I is
the identity matrix. The terms l# and

P
# represent the mean and covariance of the reverse transition, which are predicted by the neural network.

Physics of Fluids ARTICLE pubs.aip.org/aip/pof

Phys. Fluids 37, 125187 (2025); doi: 10.1063/5.0297817 37, 125187-5

Published under an exclusive license by AIP Publishing

 26 D
ecem

ber 2025 03:16:23

pubs.aip.org/aip/phf


lidar scanning patterns. All radial velocity fields are processed at
256� 256 pixels resolution, with the training dataset comprising
6400 unique pairs. The diffusion process employs T¼ 1000 time-
steps with a linear b schedule increasing from 0.0001 to 0.02.
Training is conducted for 400 epochs with a batch size of 64. The
Adam optimizer is used with a learning rate of 0.0001 and momen-
tum parameters (b1¼ 0.9, b2¼ 0.999).36 All experiments are per-
formed on a NVIDIA A6000 GPU.

IV. RESULTS

This section evaluates the UrbanFlow-Dif model’s performance
across a range of simulated lidar scanning configurations and lidar
position angles. A sensitivity analysis is then conducted to evaluate the
model’s robustness and generalizability across the entire test dataset.
Finally, the model’s ensemble generative capabilities for uncertainty
quantification are explored.

A. Reconstruction performance under different lidar
position angles

The performance of the UrbanFlow-Dif model is qualitatively
assessed under the different lidar position angles with a series of

scanning configurations. Three representative lidar position angles (0�,
90�, and 180�) are selected, each resulting in a distinctly different beam
blockage pattern. For each lidar position angle, a series of scanning
configurations with varying levels of sparsity is applied. This compre-
hensive setup is applied to examine the model’s ability to reconstruct
complex flow structures from sparse data.

For the upstream lidar position angle of 0�, the model’s perfor-
mance on two different ground truth cases is presented in Fig. 5. The
results for two typical flow field patterns (cases 1 and 2), are shown for
four different data sparsity levels, achieved by adjusting the radial spa-
tial resolution from 5 to 30m and the scanning step angle from 0.5� to
1.0�. Each case shows three rows: inputs, outputs, and the difference
between outputs and ground truth. Inputs are generated through
structured sampling from the ground truth based on predefined scan-
ning parameters, including the scanning step angle and radial spatial
resolution. Regions where beam blockage occurs in the input are filled
with white sectors. The building is marked by a black square.
Performance within the core region of wake in the white dashed square
is quantified using RMSE and SSIM. In the dense configurations of
5m/0.5�, where inputs contained wake characteristics, outputs are
improved through sharpened fine-scale patterns and restored spatial
continuity, which shows high consistency with the ground truth. This

FIG. 5. UrbanFlow-Dif reconstruction per-
formance for upstream lidar position angle
of 0�. Two ground truth cases (top/bottom
panels) are tested under four sparsity lev-
els (a)–(d) by varying spatial and angular
resolutions. Each case shows input inter-
polated from sparse data, reconstructed
output, and difference field (ground truth-
output). RMSE and SSIM values are
provided for input and output fields,
respectively. White regions indicate build-
ing locations.
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improvement is quantitatively confirmed by the reduction in RMSE
from 0.939 to 0.458m/s for case 1 and from 0.893 to 0.427m/s for case
2. Conversely, in the sparse configurations of 30m/1�, where inputs
suffered from severe blurring, the model can still reconstruct the domi-
nant wake pattern. For instance, in case 2, RMSE decreased from 1.703
to 0.603m/s, while SSIM improved from 0.720 to 0.946. In general, the
difference field increases as the input becomes sparser.

Figure 6 presents reconstruction results for the side-on view of
90�. To further test the model’s ability to handle strong background
velocity gradients. This scenario evaluates the model’s ability to sepa-
rate building airwake from the large-scale background flow. In the
dense configurations of 5m/0.5�, the model sharpened the partial
wake characteristics captured in the inputs, which led to RMSE reduc-
tions of 0.446 and 0.377m/s for the two cases, respectively. In the
sparse configurations of 30m/1�, although the inputs lost detail, a par-
tial reconstruction of the wake was achieved, maintaining the radial
velocity dipole structure. The difference fields in the background wind
regions remained near zero.

The model’s robustness in the downstream lidar position angle of
180�, with maximum beam blockage, is shown in Fig. 7. In this sce-
nario, the core region of airwake could not be directly sampled due to
the beam blockage. However, fine-scale wake characteristics are

reconstructed across all scanning configurations. In the dense configu-
rations of 5m/0.5�, fine-scale airwake characteristics are well recon-
structed based on the edge information of beam blockage from inputs.
It is quantitatively confirmed by the reduction in RMSE from 1.229 to
0.485m/s for case 1 and from 1.128 to 0.487m/s for case 2. Even in the
configuration of 30m/1.0�, minimal information about the core region
of the wake is provided, thus increasing the uncertainty of outputs.
However, the model can still generate reliable wake patterns consistent
with the surrounding flow.

B. Model robustness and generalizability

To evaluate the model’s robustness and generalizability, a sensi-
tivity analysis is performed across the entire test dataset. Figure 8
presents a quantitative analysis of model reconstruction performance.
The spatial distribution of RMSE between reconstructions and ground
truth is shown in Fig. 8(a), averaged across the test dataset. Under
identical lidar position angles, sparser sampling configurations result
in higher RMSE values in the core region of wakes, while background
wind field RMSE outside this region approaches zero.

A two-dimensional Fourier transform is applied to both the
ground truth and the generated outputs. The radially averaged power

FIG. 6. UrbanFlow-Dif reconstruction perfor-
mance for side-on lidar position angle of
90�. Two ground truth cases (top/bottom
panels) are tested under four sparsity levels
(a)–(d) by varying spatial and angular reso-
lutions. Each case shows an input interpo-
lated from sparse data, reconstructed
output, and difference field (ground truth-out-
put). RMSE and SSIM values are provided
for input and output fields, respectively.
White regions indicate building locations.
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spectral density (RAPSD), as termed by Harris et al. in their analysis of
SR precipitation fields,37 is computed to quantify the energy distribu-
tion across spatial scales, from large-scale flow to fine-scale wakes. The
results are shown in Fig. 8(b). When the wave number is below
0.3 rad/m, the RAPSD curve of the outputs is consistent with ground
truth at lidar position angles of 0� and 180�, indicating that such
a scale of wind field can still be reconstructed using configurations of
5/0.5� and 60m/1�. For the wave number ranged from 0.3 to 3 rad/m,
corresponding to spatial scales of 2.1–20.9m, the outputs of 60m/1�

underestimate spectral energy. When the wave number exceeds 3 rad/m,
the RAPSD curves at lidar position angles of 0� and 180� start show-
ing underestimation even under the dense configuration. Excessively
sparse sampling configurations (e.g., 60m/1�) are insufficient to
reconstruct fine wake characteristics, but the main flow pattern can
still be restored.

Figure 9 presents a quantitative evaluation of model performance
with the core region of wake using average SSIM and RMSE.
Reconstruction performance, as measured by higher SSIM and lower
RMSE, shows a strong positive correlation with the sampling density.
For instance, at the lidar position angle of 180�, under configurations
finer than 30m and 1�, the RMSE is below 1.167m/s and SSIM

exceeded 0.828. However, under the sparsest configuration of 60m
and 3�, the RMSE value reaches 3.506m/s.

C. Ensemble generation for uncertainty quantification

The model’s ensemble generative capabilities are tested for the
180� lidar position angle at varying lidar distances (R¼ 200, 400, and
1000m), as shown in Fig. 10. It is worth noting that although R is dif-
ferent, only projections within the sub-domain of 256� 256m are
considered. The ground truth is displayed in the first row for compari-
son. For each sparse input, 100 independent reconstructions are gener-
ated to form an ensemble average output. The ensemble average
output, representing a more stable and physically robust estimate, is
displayed in the second row. The third row shows the ensemble stan-
dard deviation of the difference between ensemble-averaged results
and single reconstructions. Performance within the core wakes region
in the white dashed square is quantified using RMSE and SSIM. In the
dense configuration of 5m/0.5�, ensemble average output errors
increase with increasing R, where RMSE is elevated from 0.383 to
0.414m/s, and SSIM is reduced from 0.979 to 0.972. The sparser con-
figuration of 15m/1� exhibits pronounced error increases, with RMSE

FIG. 7. UrbanFlow-Dif reconstruction per-
formance for the downstream view of
180�. Two ground truth cases (top/bottom
panels) are tested under four sparsity levels
(a)–(d) by varying spatial and angular reso-
lutions. Each case shows input interpolated
from sparse data, reconstructed output, and
difference field (ground truth-output). RMSE
and SSIM values are provided for input and
output fields, respectively. White regions
indicate building locations.
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rising from 0.416 to 0.710m/s and SSIM declining from 0.972 to 0.939.
At R¼ 1000m, the ensemble average output of the sparser configura-
tion exhibits fine-scale wake distortion, and the ensemble standard
deviation reveals extensive high-uncertainty regions approaching
2.8m/s. However, the primary pattern of wake can still be recon-
structed with SSIM reaching 0.939. Increasing distance results in
reduced tangential spatial resolution, making it difficult to capture
wind field information at the edges of beam blockage.

A direct comparison between single and ensemble-averaged
reconstructions is detailed in Table I. For each sparse input, 100 single

reconstructions are generated to form an ensemble average output.
The results show that ensemble reconstruction consistently reduced
errors compared to single reconstructions, with average RMSE being
reduced by 3.48%–22.9% relative to single reconstruction and average
SSIM being improved by 1.29%–8.22%. Under dense configurations of
5m/0.5�, the average RMSE is decreased from 0.507 to 0.435m/s
through ensemble reconstruction, with an improvement of 14.2%
being achieved, while the average SSIM is increased from 0.961 to
0.973. Under sparse configurations of 60m/3�, the average RMSE is
reduced from 3.506 to 3.384m/s, with a little improvement of 3.48%.

FIG. 8. Quantitative analysis of reconstruction performance. (a) Spatial distribution of root mean square error (RMSE) between reconstructions and ground truth for three repre-
sentative lidar position angles of 0�, 90�, and 180�. Each column represents a different scanning configuration, indicating varying sampling density. (b) Radially averaged power
spectral density (RAPSD) analysis comparing reconstruction results with ground truth under two configurations (5 m 0.5� and 60m 1�). This quantifies the energy distribution
across spatial scales, from large structures (low wave numbers) to fine-scale wakes (high wave numbers).

FIG. 9. Sensitivity analysis of the model
reconstruction performance under different
scanning parameters and lidar position
angles. All evaluations were performed
within the core region of wakes.
Performance was quantified using two
metrics: the average structural similarity
index (SSIM) and the average root mean
square error (RMSE).
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V. DISCUSSION

This study demonstrates the efficacy of the proposed UrbanFlow-
Dif model in reconstructing fine-scale building wakes from sparse and
incomplete lidar measurements. Reconstruction quality is primarily
governed by three interacting factors: sampling density, lidar position
angle (including beam blockage and projection effects), and ensemble
averaging.

A. The critical role of sampling density

The reconstruction performance exhibits a strong positive
correlation with sampling density across all scenarios (Figs. 5–7

and 9). Dense configurations (e.g., 5 m/0.5�) generate good
reconstructions with minimal error, validating the model’s base-
line capability. More significantly, UrbanFlow-Dif maintains
strong performance even under sparse conditions. Under a sparse
configuration of 30m/1�, key wake characteristics and dominant
flow patterns are successfully captured. Improvements in radial
spatial resolution, scanning step angle, and tangential spatial reso-
lution contribute to enhanced performance in reconstructing
wake characteristics from edge information. This indicates that
diffusion priors effectively compensate for missing spatial infor-
mation when coarse-scale coherent structures are partially
resolved.

FIG. 10. Ensemble reconstruction and uncertainty quantification for fully blocked wake (lidar position angle¼ 180�). From top to bottom row: ground truth, ensemble average
(100 reconstructions), ensemble standard deviation (uncertainty), and radial velocity profiles with 95% confidence intervals along horizontal cut (gray dashed line). Core wake
performance (white dashed box) quantified by RMSE and SSIM at R¼ 200, 400, and 1000m. D¼ 10m represents the building width.

TABLE I. Performance comparison of ensemble-averaged reconstruction compared to single reconstruction under the lidar position angle of 180�. Boldface denotes the results
of the ensemble-averaged reconstruction, and underlined values indicate the relative change (RC) compared to the single reconstruction.

Scanning
configuration

RMSE (m/s) SSIM

Input Single Ensemble RC Input Single Ensemble RC

5m/0.5� 1.209 0.507 0.435 �14.2%# 0.822 0.961 0.973 þ1.29%"
15m/1� 1.534 0.709 0.586 �17.3%# 0.772 0.923 0.946 þ2.49%"
30m/2� 3.130 1.693 1.304 �22.9%# 0.706 0.764 0.809 þ8.22%"
60m/3� 4.871 3.506 3.384 �3.48%# 0.559 0.678 0.689 þ1.62%"
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B. Impact of lidar position angle and beam blockage

The lidar position angle introduces distinct challenges by chang-
ing radial wind projections and the extent of hard occlusions from the
beam blockage. The upstream lidar position angle of 0� represented an
ideal scenario with minimal blockage, allowing the model to effectively
recover wake patterns. The side-on lidar position angle of 90� was
characterized by strong background velocity gradients in the radial
projection; the model’s ability to isolate the localized wake from this
large-scale background flow demonstrates its robustness. The down-
stream lidar position angle of 180� presents the most severe challenge,
as the building completely obscures the core wake region from the
direct sampling. In this scenario, the model’s task transitions from
super-resolution to a complex physical inpainting problem. The mod-
el’s ability to recover the general wake pattern demonstrates its capac-
ity to leverage information at the edges of the blockage region to infer
flow structures within the occluded zone. This capability to infer
occluded flow based on learned physical priors represents a key advan-
tage of the generative diffusion approach over traditional interpolation
methods.

C. Probabilistic reconstruction and ensemble
averaging

While single reconstructions generate satisfactory results,
employing ensemble averaging further enhances performance, particu-
larly in reducing error and enhancing physical robustness. As detailed
in Table I, ensemble outputs improve wake reconstruction perfor-
mance by consuming extra time, with RMSE reduced by 3.48%–22.9%
and SSIM improved by 1.29%–8.22%. This improvement stems from
the inherent stochastic nature of the diffusion model, which generates
a distribution of physically plausible wind fields consistent with sparse
constraints rather than a single estimate. The ensemble average, thus,
represents a high-probability, stable estimate of the mean flow.
However, ensemble-averaged results perform better; correspondingly,
higher computational costs are incurred. Single reconstruction can be
employed in operational scenarios with highly stringent timeliness
requirements, while ensemble averaging methods can be utilized in
applications where temporal constraints are more relaxed.

Furthermore, point-wise error metrics such as RMSE are inade-
quate for assessing reconstruction performance under sparse configu-
rations. Sparse sampling inherently eliminates most wake texture
structures from lidar detection; while RMSE is difficult to capture this
structural loss, SSIM exhibits markedly reduced values that reflect the
degradation.

D. Limitations and future work

Several limitations warrant discussion. First, the model is trained
exclusively on a 15m-height slice dataset for reconstruction. However,
the proposed method is applicable to reconstructing wake slices at dif-
ferent heights with corresponding datasets. Second, RAPSD analysis
[Fig. 8(b)] reveals a spectral bias: while large-scale energy is accurately
recovered, reconstructions from sparse inputs underestimate spectral
energy at high wave numbers (>0.3 rad/m). Under severe sparsity, the
model does not perfectly reconstruct the turbulent energy of fine-scale
building wakes. Improving fine-scale wake characteristics recovery
remains a priority for future work. Second, this study focused on an
isolated building; extending the model to realistic urban clusters

represents an important next step. Third, the study assumed a fixed
wind direction while varying lidar position angles to assess reconstruc-
tion robustness. It is important to note that changes in lidar position
angle and wind direction are not equivalent: oblique wind angles
change the building’s effective width and modify the wake structure
itself. While the current design isolated the model’s performance under
varying observational geometries, future work should incorporate
wake data frommultiple wind directions. This would enable evaluation
of the model’s ability to reconstruct different wake patterns from a
fixed lidar position, reflecting another common operational scenario.
Finally, we will extend the model to accommodate building cluster
wake reconstruction and validate the approach through real-LIDAR
observations.

VI. CONCLUSION

This study presents UrbanFlow-Dif, a novel diffusion-based
model for reconstructing fine-scale building wakes from sparse wind
lidar data, successfully addressing the inherent challenges of insuffi-
cient spatial resolution, beam blockage, and deterministic models.
First, the density of sparse sampling determines the reconstruction
quality. It is demonstrated that a practical configuration of 30m and
1� can still capture key wake characteristics and flow patterns. This
finding provides crucial guidance for optimizing scanning configura-
tions within the spatial resolution limitations of existing lidar systems
and minimum sampling requirements. Second, reconstruction perfor-
mance is affected by variations in lidar position angles due to changes
in beam blockage and radial wind field projections. Even at the most
challenging downstream lidar position angle, where the wake core
region is completely blocked, the general wake pattern can be effec-
tively reconstructed by leveraging edge information. Finally, single
reconstruction has achieved satisfactory results, we find that ensemble
averaging improves wake reconstruction performance. Although this
will consume extra time. The effective reconstruction of fine-scale
wake characteristics from sparse wind lidar data provides a robust
foundation for complex urban wind field detection, which is essential
for aviation economy, aviation safety, and building monitoring.
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