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Abstract

Urban Airflow Field Prediction Using Sparse Sensors: A Hybrid Approach with
Reduced-Order Modeling, Temporal Forecasting, and Multi-Task Learning

Arash Kamaliha

Urban centers worldwide are becoming ever denser, increasing the need for rapid and accurate
wind modeling to ensure pedestrian comfort, optimize air quality management, and enable safe
and efficient urban air mobility (UAM) operations. Traditional methods for modeling wind flow,
such as computational fluid dynamics (CFD) simulations and field measurements, are
computationally intensive and typically depend on dense sensor networks, which limits their
practicality for real-time wind monitoring across large urban areas. The current thesis proposes an
integrated approach for the fast reconstruction of the wind velocity fields in urban environments
using only online sensor signals. The model development phase involves three main components:
First, a bidirectional long short-term memory (BILSTM) network is trained by using the offline
sensors signals to capture the temporal evolution of the sensor readings. Second, the sparsity-
promoting dynamic mode decomposition (SP-DMD) algorithm is employed to extract the
important spatial pattern (modes) and their associated dynamic coefficients from the high-
dimensional wind velocity data. Finally, a multi-task learning (MTL) network, is developed to map
sensor signals to the real (growth/decay) and imaginary (oscillatory) components of these dynamic
coefficients at each time step. During the prediction phase, real-time and out-of-sample sensor
signals from the same locations are fed into the BILSTM model to forecast future measurements.
The predicted signals are then input into the trained MTL network to infer the corresponding

dynamic coefficients. Finally, the wind field is reconstructed in real-time via a linear combination



of the SP-DMD modes and their coefficients. The proposed framework was validated using high-
fidelity CFD simulations for wind velocity flow around an isolated high-rise building. Results
demonstrated that the proposed method has a robust capability for online reconstruction of precise
urban flow fields. Additionally, during the online prediction phase, the model performance is
evaluated for different level of noise in sensor signals, highlighting the model’s robustness and
generalizability. These findings suggest that the integrated modeling strategy can substantially
lower operational costs and holds promise as a surrogate model for applications in next-generation

urban planning and autonomous aerial navigation systems.

Key words: Urban Wind Flow Prediction, Reduced Order Modeling, Multi-task Learning,
Dynamic Mode Decomposition, Computational Fluid Dynamics, Bidirectional Long Short-Term

Memory
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Chapter 1: Introduction

1.1 Background

The rapid trend of urbanization has transformed cities into densely populated areas, leading
to an increase in tightly packed high-rise structures to accommodate the growing population.
Urban wind flow refers to the movement and behavior of wind within city environments, shaped
primarily by the presence of buildings, streets, and other structural elements [1]. In densely
populated urban areas with narrow street canyons, this phenomenon significantly affects turbulent
flow and modifies flow field conditions, which can obstruct the natural ventilation of the city,
contributing to the urban heat island (UHI) effect and exacerbating urban air pollution [2]. These
issues may influence factors such as building energy consumption and residents' comfort and well-
being [3]. Such effects play a critical role in shaping important planning and design choices within
urban environments. Moreover, the development of urban air mobility (UAM) concepts has
sparked significant investment from both research and industry in real-time urban wind prediction
[4]. This effort aims to enhance air traffic management and ensure the safety of urban flight
operations. Among the methods proposed in the literature, the field measurement enables online
monitoring of wind conditions by collecting wind data using sensors. However, deploying many
sensors to monitor an entire urban wind flow field is often impractical. In this context, a primary
goal is to achieve real-time reconstruction of urban wind flow fields using a limited number of
sparsely distributed wind sensors throughout the city. This approach not only advances UAM

design but also enables timely warnings to mitigate potential urban wind-related hazards.



1.2 Problem Statement

Urban wind flow modeling is crucial for enhancing the planning and design to improve pedestrian
comfort and foster more sustainable living environments. Specifically, in time-sensitive urban
emergency management and the enhancement of UAM operations, real-time reconstructing and
predicting urban wind fields at the micro-scale becomes even more critical. Currently, three
methods are used for modeling urban wind flow namely Computational Fluid Dynamics (CFD),
field measurements, and wind tunnel testing. However, there are challenges associated with each

approach.

CFD models offer high-fidelity simulations; but their high computational demands often
hinder real-time and long-term analysis, limiting their practicality for precise online monitoring.
Field measurements and wind tunnel experiments, on the other hand, provide real-time wind flow
data through sensors. Their application in large-scale urban wind studies is often limited by high
costs, logistical challenges, and time constraints. Moreover, deploying extensive sensor networks
across vast urban areas is generally impractical, making comprehensive wind pattern monitoring

difficult.

In response to the limitations of conventional high-fidelity simulations and data-intensive
models, researchers have increasingly explored compressed sensing (CS) and sparse
reconstruction techniques, which exploit the inherent sparsity of wind field data in specific
transform domains [5]. By integrating distributed sensor networks, reduced-order modeling
(ROM), and data-driven frameworks, these methods aim to facilitate near real-time reconstruction
and monitoring of urban wind fields. However, despite their promise, these approaches face several

key challenges, including sensitivity to sensor noise, dependence on optimal sensor placement,



difficulty in maintaining accuracy under varying flow conditions, and computational trade-offs

between reconstruction speed and fidelity [6].

Considering the above-mentioned challenges, the current thesis introduces a sparse
reconstruction framework designed to reconstruct urban wind fields in real time from a limited

number of sensor measurements.

1.3 Research Objectives and Contributions

The primary contribution of this study lies in advancing fast, high-resolution techniques for
reconstructing and predicting urban wind flow fields. Notably, the proposed approach is initially
validated using synthetic data generated from CFD simulations around an isolated high-rise
building, rather than real-world wind velocity measurements. The key contributions of this thesis

are as follows:

(1) Implementation of the ROM technique: Sparsity-Promoting Dynamic Mode Decomposition
(SP-DMD) [7] 1s employed to full-state wind velocity data to extract the most significant
spatial modes and their corresponding temporal dynamic coefficients.

(2) Development of a deep learning-based framework: A Multi-Task Learning (MTL) [8]
approach is adopted for wind velocity data processing. This method simultaneously maps
sparse sensor measurements to the dynamic coefficients (growth/decay rates and oscillation
frequencies) of each mode identified through the SP-DMD.

(3) Enhancing the MTL performance through an encoder-decoder method: A technique is
proposed to enhance the MTL model by reducing the number of features in the network’s

output layer. This involves filtering out zero values from the sparse dynamic coefficient,



removing one side of mirrored values relative to the real axis, and separating the real and
imaginary components to create the separatable task approach.

(4) Analysis of the temporal evolution of wind sensor measurements — A time series analysis
is conducted on sensor data using a Bidirectional Long Short-Term Memory (BI-LSTM) [9]
network to capture and model temporal dependencies in wind sensors signals.

(5) Evaluation of the proposed framework — The overall performance of the framework,
including the integration of the previous approaches, is assessed based on real-time
reconstruction error and prediction accuracy for full-state velocity fields.

(6) Sensor Location Scenarios and Data Augmentation Techniques for Training a More
Robust Time Series Model — Two different sensor location scenarios are considered to
evaluate model performance under varying sensor’s locations. Additionally, a data
augmentation technique is applied by introducing Gaussian noise to the training dataset to

enhance its robustness and improve forecasting accuracy.

1.4 Thesis Outline

The remainder of the thesis is organized as follows:

Chapter 2 provides a literature review, focusing on existing techniques for studying wind flow
fields in urban areas, with particular emphasis on data-driven techniques for fast reconstruction of

urban wind fields.

Chapter 3 outlines the proposed methodology, detailing the mathematical intuition and the general

framework of the integrated approach.



Chapter 4 presents the case study, detailing the CFD domain data, the domain of the sampled data,
sensor locations for each scenario, data preprocessing steps, and the hyperparameters used for

implementing each model.

Chapter 5 presents the study's results and includes an in-depth discussion of the findings.

Chapter 6 concludes the thesis by summarizing the research, discussing its limitations, and

suggesting directions for future work.

Finally, the Appendix section presents the Python implementation codes developed for this thesis.



Chapter 2: Background and Literature Review

This chapter presents a comprehensive review of the literature, highlighting the significance
of urban airflow modeling across various sectors and examining the methods explored in previous
studies. Section 2.1 presents an application-based review of the literature, analyzing the impact of
wind fields on various sectors. Section 2.2 evaluates traditional methodologies for modeling urban
wind flow and their applications. Section 2.3 explores data-driven approaches for fast

reconstruction and prediction of urban wind flow. Section 2.4 will explore the limitations and gaps

in the literature.

2.1 Applications of Urban Wind Flow Modeling

A report by the United Nations Department of Economic and Social Affairs projects that the
global urban population will increase from the current 58.3% to 68.4% by 2050, with the most
significant growth anticipated in developing countries (Fig. 1) [10]. This implies that cities will

see an increase in densely packed high-rise structures to accommodate the growing population.

701
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Figure 1: The Share of Global Population Living in Cities [10].
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Analyzing wind flow patterns and conducting real-time monitoring of flow fields in densely
populated cities are essential for sectors that play a pivotal role in shaping urban planning and
design decisions [11]. These analyses are essential for a wide range of applications, including air
quality management, enhancement of thermal comfort and safety, optimization of building energy
performance, evaluation of renewable energy potential, improvement of urban microclimatic
conditions, and the design of more efficient urban air mobility (UAM) systems. In the following,

each of these key sectors will be examined based on insights from the existing literature.

Air Quality

Management

Building
Energy
Efficiency

Figure 2: Urban Wind Impacts on various sectors.

Wind is a key factor in pollutant dispersion in urban areas, especially in street canyons.
Literature highlights that wind speed, direction, building geometry, and urban morphology
significantly influence this process [12-14]. Higher wind speeds, can force pollutants upward,
limiting their concentration at ground level. However, the direction of the wind is equally
important; for instance, in long street canyons, air exchange rates peak at certain angles (e.g., 30°)
and drop at others (e.g., 90°) [15]. Efficient monitoring enables 14more accurate prediction and
management of air quality, promoting natural air ventilation in cities and fostering healthier living

environments [16]. Research indicates that building height, density, and enclosure significantly



influence wind patterns, with high-density urban layouts often creating static zones where
pollutants tend to accumulate. Conversely, optimal urban forms such as stepped building heights

and interconnected green spaces enhance airflow and improve pollutant dispersion [17].

Understanding wind patterns helps architects and planners design buildings and public spaces
that enhance pedestrian comfort and safety. For instance, knowledge of wind flow can prevent the
creation of urban street canyons which make pedestrian areas uncomfortable or hazardous
[13]. Tall buildings can significantly increase wind speeds at ground level, leading to discomfort
or danger, particularly near corners and passages. A study found that buildings over 400 m tall with
width modifications at the 1/3 height level have the greatest impact on pedestrian-level wind
(PLW) conditions [18]. Modifying building layout, orientation, and tree placement plays a crucial
role in shaping outdoor wind conditions and enhancing pedestrian thermal comfort. For instance,
features like canopies and podiums can significantly lower both area-averaged and peak
pedestrian-level wind (PLW) speeds around high-rise buildings, while permeable floors help
improve overall PLW comfort [19]. Research also indicates that wind barriers and porous screens
effectively reduce excessive wind speeds while preserving airflow, whereas lift-up building
designs enhance pedestrian ventilation but can lead to high wind speeds in open areas [20].
Moreover, buildings with long facades aligned parallel to the prevailing wind direction can
generate favorable wind conditions, while configurations featuring a central square space oriented

towards the prevailing wind offer optimal thermal comfort [21].

Urban wind environments significantly influence building energy consumption by altering
infiltration rates, convective heat transfer, and indirect factors like occupant behavior and pollutant
dispersion [22]. Optimized urban planning is essential for improving energy consumption and

enhancing building efficiency in urban settings. For example, research indicates that wind speed



has a greater impact on heat dissipation from building walls than wind direction, with maximum
dissipation occurring when the walls are positioned perpendicular to the wind [23]. This affects
heat transfer, influencing heating loads and thus building energy efficiency, particularly in winter
conditions. Another study presents an easy-to-use empirical approach for quickly estimating the
viability of wind-driven natural ventilation at the earliest stages of building design to reduce
building energy costs [24]. As mentioned, specific wind angles influence pollutant dispersion and
natural ventilation in urban areas. Research also shows that certain angles create optimal
ventilation flow paths, helping to lower indoor temperatures during hot months while minimizing

heat loss in colder periods [25].

Recent investigations on urban wind energy potential, highlights various approaches to
enhance small-scale wind utilization in built environments, focusing on both physical and
economic aspects. Accurate wind data is essential for optimizing the placement and performance
of urban wind turbines, playing a crucial role in advancing sustainable energy solutions within
cities [26]. By studying wind flow patterns in urban environments, researchers can pinpoint ideal
turbine locations and evaluate their potential for power generation. Additionally, urban planning
strategies that account for building shape, spacing, and roof geometry can enhance the long-term
effectiveness of wind energy integration in dense urban environments [26, 27]. In addition to
locating the optimal location for urban wind turbines to maximize efficiency, Anup Kc et al. [29]
investigated the effects of turbulent flows on the small wind turbine performance and reliability.
They showed that the lower average wind speeds and elevated turbulence in cities significantly

degrade urban turbine performance compared to open-field or rural areas.

Monitoring wind effects aids in assessing and mitigating UHI and other microclimate

challenges, enhancing the resilience of urban areas to climate change. Ku et al. [30] similarly used



CFD simulations of multiple hypothetical building configurations, demonstrating that changes in
building height, density, and layout can substantially alter ventilation potentials and lead to

localized hot spots of turbulent flow.

Air taxis and drone deliveries are poised to become the future of urban transportation and
logistics in next-generation cities. Recent advancements in UAM underscore the need for real-time
and precise prediction of wind flow around buildings, which can create significant turbulence and
dangerous conditions for passenger electric vertical take-off and landing (eVTOL) aircraft and
small delivery drones. A variety of studies has addressed this challenge through high-resolution
simulations, experimental investigations, and data-driven methods, all aimed at improving safety

and reliability.

A key component of prior research on UAM systems involves the use CFD simulations to
characterize urban wind environments. For example, Giersch et al. [31] employed a large-eddy
simulation (LES) to show how small-scale structures of wind shear and turbulence in urban
canyons critically influence low-inertia drone flight and highlight the necessity of high-resolution
meteorological databases for planning safe routes. Further study confirmed these microscale
complexities by conducting wind-tunnel experiments on a 1:400 city model, indicating that rapid
velocity gradients and turbulence intensities arise near building clusters, creating challenging

conditions for UAM [32].

Besides pure modeling and experimentation, there is also a strong push toward coupled or
hybrid techniques that fuse mesoscale forecasts with finer CFD representations. Research aimed
to enhanced wind predictions by integrating the weather research and forecasting (WRF) model

for large-scale atmospheric forcing with CFD simulations to refine near-building flow dynamics
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[33]. Such an approach was validated against local sensor data and found to capture gustiness and

building-induced flow accelerations more accurately than standalone mesoscale simulations.

On the operational side, researchers have explored ways to incorporate these refined wind
estimates into mission planning and flight management. For instance, a study formulated a robust
optimization strategy for drones delivering parcels to remote islands, showing that factoring in
uncertain wind speed and direction yields schedules that minimize delivery risks and costs [34].
For UAM traffic in urban corridors, Balazova et al. [35] proposed low-cost on-board measurement
strategies using sonic anemometers and eddy-dissipation-rate algorithms, which identify
dangerous vortices and building-induced eddies in near-real time. Additionally, another
operationally oriented technique leverages machine learning and data assimilation (DA) methods.
In this regard, researchers aimed to integrate the high-resolution simulations with a long short-
term memory (LSTM) neural network, producing short-range (up to six hours) nowcasts of wind
speeds and gusts, essential for dynamic route planning [36]. Moreover, same group demonstrated
how variational DA with a ROM can blend observational sensor inputs into CFD wind fields,

thereby improving hazard identification in the turbulent wakes around buildings [4].

Across these varied approaches researchers converge on the same core finding that urban wind
fields are highly localized and dynamically complex, requiring high-resolution tools to ensure
safety for urban flights. Successful UAM operations and certification frameworks will likely
depend on combining reliable computational models with real-time DA and carefully placed
meteorological sensors, so that micro-scale wind phenomena, such as recirculation or rooftop
vortices, are captured and integrated into flight operations [37]. Collectively, these studies

underscore the critical role of high-fidelity modeling, experimental validation, and operational data
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synthesis in defining safe corridors, vertiport locations, and flight procedures for next-generation

air mobility within the urban environment.

2.2 Methods of Reduced-Order Modeling in Urban Wind Field
Analysis

The increasing complexity of systems modeled in modern scientific and engineering domains
has led to a significant reliance on high-fidelity numerical simulations. These simulations are
capable of capturing intricate details of physical phenomena but often demand substantial
computational resources and time. This creates a practical limitation for many applications,
particularly those requiring iterative analyses or real-time predictions. Particularly relevant to the
present study are online urban-scale wind modeling scenarios, with applications in UAM systems

and emergency response operations serving as critical use cases [38].

ROM is a method used to simplify complex, high-dimensional and high-fidelity models by
reducing their computational complexity while preserving essential system behavior. This
approach is essential for enabling real-time simulations, optimization and control in fields such as
CFD, structural mechanics, and control theory, where full-order model (FOM) can be prohibitively
expensive due to their high dimensionality and computational demands [39]. By reducing the
model order, ROM achieves substantial computational savings while maintaining sufficient
accuracy for practical applications, making it indispensable for addressing modern engineering
challenges. In general, ROM methods are categorized into model-based and data-driven

approaches [40].

Model-based methods, often referred to as intrusive ROM (IROM) techniques, require direct
access to the governing equations or the solver of the FOM, such as the discretized residual of the

partial differential equations [41]. These methods are considered physics-informed, as they
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explicitly integrate known physical laws, governing equations, and structural properties of the
system into the model reduction process. By projecting the governing equations of a high-fidelity
FOM onto a carefully selected low-dimensional subspace, these techniques achieve significant
dimensionality reduction while preserving the system’s dominant dynamics. As a result, they
reduce reliance on extensive FOM data, enabling more efficient simulations without sacrificing

essential physical accuracy.

A prominent example of model-based ROM is the Galerkin projection method. The accuracy
of Galerkin-based ROM:s is highly dependent on the quality of the reduced basis, which is typically
constructed using proper orthogonal decomposition (POD) to extract the most energetic modes
from a set of solution snapshots [42]. Alternatively, greedy algorithms can be employed to
iteratively enrich the reduced basis, guided by rigorous a posteriori error estimator to ensure
convergence and reliability. Despite its advantages, the Galerkin projection method faces
limitations in handling highly nonlinear or multiscale systems, where error bounds may not be

readily available and convergence can be slow [40].

Data-driven model order reduction methods often referred to as non-intrusive ROM
(NIROM), conversely, do not require access to the governing equations of the system. Instead,
they rely purely on data from the full model (input/output data), such as high-fidelity simulation
data or experimental measurements, and they function as black-box or grey-box models [43]. In
the context of urban-scale wind field modeling, data-driven ROM approaches have gained
considerable traction. Techniques like POD and Dynamic Mode Decomposition (DMD) variants,
both employ linear approximation to extract low-dimensional representations from high-
dimensional flow data [44-47]. More recently, advanced methods incorporating various deep

learning architectures techniques have emerged, offering enhanced flexibility and scalability
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[33.,48-51]. Hybrid approaches that combine these methodologies leveraging the strengths of both
linear projection based and deep learning paradigms are also being actively explored to improve

reconstruction accuracy and computational efficiency [52,53].

Considering the inherent complexity and high dimensionality of urban wind dynamics for
both experimental measurements and CFD simulations developing efficient and accurate ROM
has become essential, particularly for applications in densely built urban environments. These
problems often involve a large number of degrees of freedom due to complex boundary conditions,
fine spatial discretization, and highly unsteady flow dynamics. In this thesis, a particular focus is
placed on data-driven ROM techniques for the reconstruction and prediction of fluid flow
characteristic. Specifically, the applicability and performance of these methods in the context of
urban wind modeling are critically examined. The following sections explore various data-driven
ROM approaches designed for dynamical systems, highlighting their advantages, limitations, and

relevance to urban wind flow analysis.
2.2.1 POD for High-Speed Urban Wind Flow Modeling

A classic ROM approach is a linear approximation method known as POD, also known as
principal component analysis (PCA) in statistics. In fluid dynamic application, this method can
compute an orthogonal basis of modes (spatial patterns) from snapshot data that optimally ranked
by the flow energy content [54]. The procedure below follows the formulation introduced by

Sirovich (1987) and refined in subsequent texts (Holmes et al., 2012) [55,56] .

Let {qi}f’:1 be p instantaneous snapshots of the velocity (or another state) obtained at uniform

time intervals At from a high-fidelity CFD simulation or a time-resolved experiment. Each
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snapshot is reshaped into a column vector q; € RV, where N equals the number of spatial degrees

of freedom (grid nodes x components). Collecting all snapshots yields the snapshot matrix:

X =[a1, qz - qp] € RN*p (1)

Optional centering can be applied through mean subtraction, wherein the temporal mean field
is computed and removed from the dataset to focus the decomposition on fluctuating structures.

The temporal mean field g can be retrieved using the following expression:

D
q= qi (2)
=1

S| -

l
Retaining g separately later permits exact reconstruction of the full field.
xl = ql —_ (7, XC = [Xl, xZ, e xp] (3)
Formulation of the correlation operator cane be done by method of snapshots to construct the

Gram matrix for p <« N and then solve the reduced eigenproblem:

1
C =mXZXC ERPXP, Cvj :A]v] (4)

This is yielding eigenvalues A1 > A2 = --- > Ap = 0. The spatial modes follow from:

XC Uj

= —————— €
(I)J \/m (5)

Alternatively, by performing singular-value decomposition (SVD):

X, =UzVT (6)
Where X = diag(oy, ..., 0,,,) and the left singular vectors and U = [¢; ... ¢, ] are the POD

modes, orthonormal under the chosen inner product:
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(i P;) = 6i; (7)
The cumulative captured kinetic-energy ratio after retaining » modes is:

Yj=14

E(r) :Z}'Lllj'

m = min(N,p) (8)

Temporal (modal) coefficients are obtained via orthogonal projection under the first r

truncated rank:
a;(t) =(q¢;)) =dfqi, j=1,...,r,i=1,..,p. (9)

Flow-field reconstruction with » modes is:
-
g(t;) =(7+Zaj(ti) ol (10)
=

POD has been widely used in application of urban wind modeling, with the purpose to extract
dominant wind flow patterns or coherent structures from either simulation or experimental data
[57]. Among the literatures, the combination of classic spectral methods with modern interpolation
schemes has been notable for efficiently simulating nonstationary wind fields. For example, the
spectral representation method can be advanced by introducing a POD-based interpolation
procedure by using only a small number of time-frequency points [58]. This approach significantly
accelerates nonstationary wind-field simulations while retaining strong accuracy. More recent
endeavors into spectral decomposition concentrate on wind flow and structure interactions around
buildings, such as the extended spectral POD (ESPOD) method, which clarifies the relationship

between flow patterns and wind load components on tall structures [59].

16



LES data over real urban terrain used by Liu et al. [60] to examine the energetic coherence
structures by adopting POD method, highlighting that a small subset of modes (on the order of 80—
100) can capture most of the turbulence energy. Such insights underpin rapid environment
assessments that become ever more critical in large-scale cities. Furthermore, research showcased
that a “gappy POD” reconstruction from sparse sensor data yields wind-field estimates sufficiently
accurate to inform path planning algorithms for energy-efficient unmanned aerial vehicle (UAV)
trajectories [61]. Moreover, it was verified that while the ROM can accurately reproduce the
overall flight trajectories of advanced aerial mobility craft, certain extreme maneuvers, such as a

small drone encountering sudden turbulence, still require high-fidelity details from full LES [57].
2.2.2 Exploring DMD Variants and Their Role in Urban Wind Flow Modeling

DMD was first introduced by Peter J. Schmid [62] as a data-driven technique for analyzing
complex fluid flow data. In this work, DMD was proposed as an equation-free method to extract
spatial-temporal patterns from time-resolved measurements, without requiring governing
equations. This method excels at extracting physically interpretable spatial modes from time-
resolved flow-field data and provides a linear model describing how the amplitudes of these modes
evolve over time [63]. The method was inspired by the need to identify coherent structures and
dynamic behaviors in fluid flows, building on prior modal analysis techniques (like POD) but
aiming to incorporate temporal dynamics into the decomposition as well. Therefore, this method
not only has the capability to extract the coherent spatial structures (modes) in the dynamical
system but also have the ability to reveal the temporal evaluation (growth/decay and frequency) of

each spatial mode.

A fundamental aspect of DMD is its strong connection to Koopman operator theory [64]. This

theoretical link allows DMD to effectively linearize and analyze the dynamics of highly nonlinear
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systems, such as those governed by the Navier-Stokes equations, in an infinite-dimensional
function space. This capability is particularly relevant for the inherently nonlinear nature of urban
wind flows. The DMD method separates high-dimensional data into spatial and temporal
components. The spatial structures are represented by DMD modes, the initial conditions are
encoded in the mode amplitudes, and the temporal evolution is described by the dynamic
coefficients. As illustrated in Fig. 3 the procedure begins with system snapshots, where the velocity
fields are reshaped into a two-dimensional spatiotemporal grid.

High-dimensional space Dynamic Mode Decomposition

Time Mode  Amplitudes Evolution

. ... ° ) TN
Snapshots of a dynamical system's .=. : ® o~~~
states taken at uniform time intervals.
B —_—
N Time
| ‘ X Xt Flattened o =
& o Q
| X,, — ‘% ~ § ﬂ
X; @

Xe X, Koo Xey

Figure 3: Illustration of the DMD method.

Experimental validation further demonstrates the strengths of DMD that shows these methods
has the capability to extract coherent flow structures and their associated frequencies directly from
measurement snapshots [65]. The versatility and robustness of DMD have been significantly
enhanced through the development of numerous variants, each addressing specific challenges or

expanding its applicability. The continuous development and refinement of these variants represent
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a crucial evolution in the applicability of DMD to real-world data, particularly for complex systems

like urban wind fields.

Urban environments are characterized by strong nonlinearities, multiscale phenomena, and
data that can be noisy, sparse, or non-uniformly sampled. The specialized DMD variants directly
address these complexities, making the technique more powerful and reliable for modeling flow
around buildings, dispersion of pollutants in city environments, and urban microclimates. This
trend suggests that the methodological tools within the DMD framework are maturing to a point
where they can effectively meet the demanding requirements of urban climate science, paving the

way for more sophisticated, accurate, and practical analyses.

A principal development is the Extended DMD (EDMD), where a dictionary of scalar
observables (e.g., polynomials, Fourier functions) is used to capture richer nonlinear behaviors
than standard DMD [66]. EDMD recovers approximate Koopman eigenvalues and eigenfunctions,
demonstrating convergence to a Galerkin solution of the Koopman operator given suitably large

data and a well-chosen dictionary.

To effectively capture general periodic, quasi-periodic dynamics, and transient behaviors that
decay toward attractors, the higher order DMD (HODMD) method has been developed [67]. By
leveraging time-lagged snapshots, HODMD extends the capabilities of standard DMD, enabling
the identification of more intricate and subtle dynamic features. This enhanced capacity is
particularly valuable for modeling quasi-periodic phenomena such as vortex shedding and other

unsteady flow behaviors commonly observed in complex urban environments.

HODMD was applied to a high-fidelity LES of flow between two buildings, revealing the

formation and breakdown of an arch vortex which is a key structure affecting pollutant dispersion
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in urban street canyons [68]. The study showed that the presence of this vortex increases pollutant
concentration in the leeward region, offering valuable insights into urban ventilation and air
quality. These findings underscore the importance of dynamic flow analysis using DMD for

advancing urban sustainability and environmental wind engineering.

To address challenges in selecting a parsimonious subset of DMD modes, the SP-DMD
method is proposed [7]. This method aims to find the trade off between the reconstruction error
and the number of modes retained by using an L1-regularized formulation for mode amplitudes.
Their study demonstrated that the number of active modes can be optimally reduced in original
DMD method. Moreover, the findings showed that, in the standard DMD algorithm, the set of
active modes can be optimally reduced to retain only the most dynamically significant ones that
still ensuring accurate data reconstruction. They suggested that the associated optimization

problem can be addressed by the Alternating Direction Method of Multipliers (ADMM) [69].

Considering that complex data often contain dynamics operating at distinct temporal scales,
multiresolution DMD (MRDMD) was introduced [70]. This approach is a recursive extension of
DMD that hierarchically filters snapshots to isolate slow-background and fast-foreground modes;
the benchmark tests shows that the method cleanly disentangles multiscale structures that defeat
traditional DMD or POD. Most recently, the MRDMD mode library is used as the input to a greedy
QR-pivot routine, yielding physics-aware sensor locations that capture intermittent phenomena

with far fewer measurements that can outperform the POD-based sampling strategies [71].

This method was subsequently extended to urban wind applications, addressing both wind
flow dynamics and pressure distributions on urban structures. By integrating a signed distance
function with an optimization algorithm, the approach enables strategic sensor placement using a

minimal number of sampling points, while still achieving high-fidelity reconstruction of complex
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urban wind fields [72]. Similarly focusing on air quality, MRDMD has been utilized to identify
multiscale patterns in pollutant concentration, specifically targeting PM2.5, to inform optimal
sensor placement strategies. This approach demonstrates how an enhanced sensor network can
effectively capture both short- and long-term variations in air quality, thereby improving

monitoring and management in urban environments [73].

To ensure reliable and sampling-independent DMD results in urban wind engineering, recent
studies emphasize the importance of proper data preprocessing and acquisition. Key practices
include mean flow removal, statistical stationarity, sufficient sampling duration, and high temporal
resolution [45]. These measures help stabilize DMD eigenvalues and ensure that extracted modes
accurately capture the physical flow dynamics, making them essential for effective application of

DMD to real-world urban wind data.

Optimized DMD (optDMD) reformulates DMD as a variable-projection least-squares
problem which can enable the selection of a specified number of modes, while preserving accurate
growth and decay rates which is an advantage for ROM of a complex flows [74]. This method
highlights optDMD as a lightweight, interpretable, and mathematically robust tool suitable for
real-time urban air quality modeling. When applied to global atmospheric chemistry and enhanced
with time-shifting and ensemble bagging, optDMD demonstrated the capability to stably

reconstruct and forecast pollutant fields over a 20-day period, outperforming classical DMD [44].

Emerging research extends DMD to incorporate physical constraints and handle uncertain
data through Physics-Informed DMD (PIDMD) [75]. This approach integrates known symmetries,
boundary conditions, and conservation laws as manifold constraints on the linear operator,

resulting in models that are both physically consistent and robust to noise. By leveraging prior
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physical knowledge, PIDMD can yield more accurate and efficient models, requiring less data and

computational effort than standard DMD, particularly in complex urban flow scenarios.

Although these methodological advancements are significant, DMD remains highly sensitive
to data resolution, noise, and waveform shape, which has led to thorough examination. A large-
scale error analysis is conducted in canonical shear flows, demonstrating that non-sinusoidal
instabilities (such as square waves) lead to substantially higher measurement errors in growth-rate
estimations [76]. They emphasize that signal-to-noise ratio, snapshot density, and ensemble

averaging are crucial factors for reliability.

The ability of DMD and its variants to extract coherent spatiotemporal patterns from complex
data makes them particularly well-suited for urban flow analysis. Researchers are increasingly
leveraging these methods to gain deeper insights into urban wind phenomena and to develop

efficient reduced-order models for city-scale simulations.

2.2.3 Deep Learning Based ROMs for fast modeling urban wind fields
Data-driven neural network ROMs (DDNN-ROM), classified under the NIROM category,
represent a significant advancement in computational modeling. By approximating FOMs through
projection onto a low-dimensional manifold, these models enable accelerated simulations suitable
for real-time applications or many-query tasks such as optimization, control, and uncertainty
quantification. A key advantage of DDNN-ROM approaches over traditional data driven ROMs
(e.g., POD, DMD) lies in overcoming the limitations of linear approximation subspaces, which
often struggle to capture highly nonlinear dynamics and can suffer from stability issues. These
models are trained on historical simulation data or real-world measurements to predict dynamics

in real time.
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By leveraging architectures such as convolutional neural networks (CNNs) [77], Fully
connected neural networks (FCNNs) [51], convolutional autoencoders (CAEs) [78,79], physics-
informed neural networks (PINNs) [80,81], researchers have achieved significant improvements
in both prediction speed and accuracy. In addition, online learning algorithms facilitate continuous
model updates as new sensor data become available, thereby refining predictions and adapting to
changing urban conditions. In parallel, recent developments in transformer-based architectures
have begun to gain traction in the modeling of physical systems, offering particular promise for

forecasting urban wind dynamics [49,50,82-84].

One line of work embeds LES snapshots in a non-linear latent space learned by three-
dimensional CAEs and then predicts latent dynamics with gradient-boosting regressors [48]. Using
this strategy, this study achieved four-week predictions of a 150 km? Beijing domain at 10 m
resolution in minutes. Recent studies show that NIROMs can further reduce the computational
cost of LES for high-rise building airflow prediction by learning non-linear latent spaces with CAE
variants (standard, multiscale, and self-attention) and modeling their temporal dynamics using
LSTM networks [78]. Among them, the self-attention CAE achieves the highest accuracy,
capturing over 94% of turbulent kinetic energy, reducing error by half, and preserving key flow
features, all while cutting computational time. Moreover, an autoencoder-based ROM can be
combined with a separate state-estimation network to map sparse data into the autoencoder’s latent
space, then rapidly decode the full wake flow based on the sparse measurements [51]. This
approach achieved speedups of over 70% compared to standard shallow decoders, while retaining

high robustness to sensor noise.

Collectively, these studies converge on hybrid CFD and deep learning or reduced-order

frameworks that promise practical turnaround times, but they also expose persistent gaps in cross
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climatic generalisability, turbulence-model dependence, and data demands issues that future work
must address through harmonised benchmarks and rigorous cross-validation across scales and

sites.

2.2.4 Physics-Informed ROMs Approaches

Recent advances in PINNs and DA techniques have shown significant potential in improving
the fidelity and efficiency of urban wind flow reconstruction and forecasting. PINNs are a class of
deep learning frameworks that embed physical laws (typically PDEs) such as the Navier-Stokes
equations into the loss function of neural networks [80]. Unlike traditional black-box models,
PINNs do not rely solely on data which they incorporate governing equations as soft constraints
during training, enabling robust generalization from sparse data and adherence to physical
principles. This is particularly advantageous in urban environments where sensor data are often
limited and unevenly distributed. PINNs have been successfully applied to laminar and turbulent
flow problems, and recent work has extended their applicability to complex domains, such as flows
around buildings [85,86,87]. A promising development in urban wind modeling is the use of
physics-informed graph neural networks (PIGNNs), such as the PIGNN-CFD model [85]. This
model is developed to incorporate RANS equations into a graph neural network trained on
unstructured CFD mesh data. This method achieves speed-ups of one to two orders of magnitude
while preserving CFD-level accuracy. Another research proposes a physics-informed, graph-
assisted auto-encoder that reconstructs high-resolution urban wind fields from sparse sensor
measurements [86]. The model couples a deep graph neural network (well-suited to irregular
sensor point clouds) with a loss term enforcing mass-conservation, thereby embedding the fluid-
continuity equation directly into training. This hybrid treatment of spatial relationships and

physical laws yields roughly a 50 % reduction in root-mean-square error relative to a purely data-
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driven generative baseline across multiple wind directions, underscoring the gains in stability and
accuracy obtained by integrating governing equations into learning architectures for urban flow

prediction.

In summary, PINNs provide a promising synergy for urban wind modeling by combining
physical consistency with adaptability to real-world data. Ongoing research is focused on
improving scalability, robustness, and integration with sensor networks, aiming toward real-time,

high-fidelity digital twins of urban airflow environments.

2.2.5 Hybrid Methods for ROMs in Urban Wind Flow Applications
The application of hybrid ROMs, primarily combining deep learning frameworks with linear
approximation methods such as POD and DMD, is increasingly emerging for predictive tasks,

aiming to leverage the strengths of both deep learning and traditional ROM strategies.

A common hybrid strategy combines recurrent neural networks (RNNs) with the latent space
of linear reduced-order models (e.g., POD, DMD). In this approach, dimensionality reduction is
first performed, after which an RNN-based model predicts the temporal evolution in the reduced
space. Long Short-Term Memory (LSTM) networks are frequently employed for this purpose, as
they are specifically designed for sequence and time-series data [88]. Unlike conventional RNNss,
LSTMs effectively address the vanishing and exploding gradient problems that hinder long-

sequence learning.

For example, a study utilized a framework based on the POD algorithm and the LSTM
networks, to predict the high-fidelity LES wind shear data in complex mountainous terrain [52].
Their method has the capability to effectively capture the spatiotemporal fluctuations of wind shear

within a reduced-dimensional space. In addition, POD-based sensor selection, when integrated
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with a CNN, enables accurate flow reconstruction using minimal data; in the case of lid-driven
cavity flow, just 1000 optimally placed sensors achieved 95% reconstruction fidelity,
demonstrating the effectiveness of data-driven measurement strategies. [53]. A CS reduced-order
modeling framework is developed combining LSTM networks, SP-DMD, and deep neural
networks to predict unsteady flow fields from sparse and noisy sensor data [89]. Applied to both
laminar and turbulent cylinder flows, the method accurately reconstructs key flow features and
maintains robustness under high noise levels. The approach shows strong potential for flow
estimation and control, though its reliance on linear DMD limits its ability to capture nonlinear
turbulence. A complementary strategy is proposed through the use of snapshot-based POD and
Tucker tensor decomposition, which efficiently compress CFD snapshots, enabling the
reconstruction of a 3D unsteady flow field using only 20 sparsely distributed sensors [90].
However, this method remains limited to flow states captured within the offline library, thereby

restricting its prognostic capabilities.
2.3 Gaps and Limitations

Summary of the literature review indicates the following gaps in the existing studies on online

reconstruction of urban wind flow fields from sparse real-time measurements:

Current reconstruction frameworks assume carefully optimized sensor layouts, yet many ideal
locations are physically inaccessible in real cities. A robust approach that tolerates random or sub-

optimal sensor placement (and remains stable under real-world signal fluctuations) is still lacking.

High-fidelity CFD delivers excellent accuracy but is incompatible with real-time needs,

whereas most reduced-order and machine-learning models sacrifice fine-scale detail for speed.
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Achieving near-CFD fidelity at operational latencies remains an open challenge, especially for

transient phenomena and extreme events.

Small-scale, highly nonlinear turbulence in the “roughness zone” around buildings is poorly
captured by linear ROMs. Even physics-informed enhancements have yet to reproduce the chaotic,
multi-scale nature of urban flow with sufficient accuracy for safety-critical platforms such as

lightweight drones.

Many models are trained on synthetic CFD data or a single city layout and show limited
validation on diverse, unseen geometries or weather extremes. Performance under drastically
different block arrangements, roughness distributions, or climatic conditions remains uncertain,

hindering broad deployment.

For UAM systems, particularly lightly wing-loaded delivery drones, ROM-based wind fields
can mis-predict control saturation events and underestimate risk envelopes. Similar issues arise
when mean RANS fields replace unsteady wind inputs, leading to potentially unsafe flight-
dynamic assessments. Rigorous, domain-specific validation protocols and transparent error

bounds are still absent.

Collectively, these gaps highlight the need for sensor-agnostic, noise-resilient models that
couple turbulence-resolving physics with real-time efficiency and demonstrate verifiable
performance across heterogeneous urban and meteorological scenarios—especially where safety

or regulatory compliance is at stake.

27



Chapter 3: Methodology

This section introduces a modeling framework developed to predict unsteady turbulent wind
velocity fields based on limited sensor measurements collected downstream of a building. The
chapter starts with a clear explanation of the main building blocks of the framework, preparing for

the implementation sections that come in next chapter.

3.1 Framework Overview and Key Components

Similar to the most ROM approaches, this framework comprises two main phases including
the offline model development phase and the online prediction phase. In the offline phase, five
distinct stages are considered using offline datasets. These stages are then integrated to form a
comprehensive surrogate model designed for high-precision wind fidelity prediction. The steps

involved in the offline model development phase include:

Stage One: Sensor signals at the target coordinates are collected and used to train a BILSTM model

that learns the temporal dynamics of the selected signals.

Stage Two.: SP-DMD is employed to extract dominant flow structures and construct a reduced-
order space from the high-dimensional, unsteady, and turbulent velocity field, enabling the
identification of the most significant dynamic modes and their corresponding complexed-value

dynamic coefficients.

Stage Three: By analyzing the characteristics of the dynamic coefficients, this latent space can be
further reduced through encode-decode preprocessing. This process includes filtering out zero

values from the dynamic coefficients, eliminating redundant mirrored values relative to the real
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axis, and separating the real and imaginary components to establish a more structured and

separable task approach.

Stage Four: The MTL network has been developed to establish the correlation between sensor
measurements and the real and imaginary components of the dynamic coefficients (latent space),
at each time step. This model enables accurate mapping of sensor data to dynamic coefficients,
facilitating a comprehensive reconstruction of the velocity field. Fig. 4 illustrates a schematic

representation of the proposed model.

During the online prediction phase, the offline-trained framework functions as a surrogate
model to deliver rapid and high-fidelity urban wind forecasts. Real-time sensor measurements,
which collected from the same locations as used in the offline training but representing out-of-
sample data, are retrieved for this purpose. Depending on whether the goal is online monitoring or

future prediction, two approaches are followed:

o For online monitoring, the real-time sensor readings are directly input into the trained MTL
network to generate the dynamic coefficients, which reconstructs the flow fields at the

corresponding time steps.

o For forecasting, the BILSTM network first estimates the future evolution of the sensor signals.
These predicted signals are then passed to the MTL network to generate the associated dynamic

coefficients, which in turn allow for the reconstruction of the complete velocity field.

Fig. 5 provides a schematic overview of the framework's prediction phase.
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Stage 1: Extracting sparse wind velocity signals from sensor measurements and
creating BILSTM network.
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Figure 4: Architecture of the model development phase.

30



(1]

Extraction of real-time sensor signals.

. 1 2 p
S’. (Sf(t), Sf(t), oo S’(t))

Forecasting path

Online monitoring path

A A

the trained BILSTM network.

S (0-1)

Prediction of sensor signals using |

S t=an)

Prediction of dynamic -coefficients
using the trained MTL network.

S

l,breal%t) i
wreal(lt) i
l,breal%t)i

A
!’USpaTse = l‘breal(t) L

gbreal%‘t)i

wrealé})i

2L+Z

Preal ©

Regenerate the dynamic coefficient.

wreal(zt[jJrzi +pimag

i —yimag

+Yimag (lt)]
—imag (1r)]
+ Yima g(zt)]'
—pimagly

.
.

+ 0j
+ 0j
o

(2t1j+Z j

:

Full-state reconstruction

F
- Xe| = PWspasre

31

Figure 5: Architecture of the online phase for predicting the complete velocity field using out of sample sensor signals.



3.2 Predicting Sensor Signals Using a BILSTM Network

To understand the mechanism of the BILSTM network, fist the LSTM should be reviewed.
At each time-step, the LSTM receives the current input vector, the previous hidden state and a
persistent cell state, allowing information and gradients to flow almost linearly across hundreds of

steps. Four trainable gates (forget, input, candidate memory and output) regulate this flow.

These gates decide what to keep, what to update, and what to forget, making the network
much better at learning and remembering important details. The forget gate, input gate, and output
gate (each utilizing a sigmoid activation function) control the flow of information in an LSTM cell
by determining how much of the previous cell state is retained, how much new information is
added, and how much of the internal memory is exposed to the next layer, respectively (see Eq.

11, Eq. 12 and Eq. 13).

The candidate memory gate with a tanh activation function decides what candidate values
could enter memory (Eq. 14). Their element-wise combination updates the cell state through an
additive operation (scaled by forget gate) that circumvents repeated multiplication and thus
preserves gradient magnitude (Eq. 15). Finally, the element-wise multiplication of the cell state
passed through tanh and the output gate, forms the new hidden state that the next layer will
consume as shown in Eq. 16. Because the model can learn to set the forget gate near one when
information must be memorised and near zero when it should be discarded, it dynamically tunes
its memory span, capturing both short and long-range dependencies in data such sensor signal

streams. Fig. 6 show the schematic of one LSTM cell.

F©O = g(Wx® + RhED + by) (11)
l(t) = O'(Wix(t) + Rih(t_l) + bl) (12)
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0® = o(W,x® + Ry + b,) (13)

z® = tanh(W,x® + R,h¢"V + b,) (14)
¢ = ;0O 4 (D@ F© (15)
h® = o®0Q tanh(c(t)) (16)
(&)
Memory / LSTM Cell Pointwise multiplication
@ @ Sum over all inputs
@b Output - Sigmoid activation function
Previ Og;f;'t ‘ - tanh activation function
Tevious p Current
hidden State ¢ hidden State e
f
he— i hf , Duplicate

[nput @

Figure 6: Illustration of an LSTM cell.

BILSTM builds on the traditional LSTM by improving the model's ability to understand
context in sequence prediction tasks. While standard LSTMs process data in a single direction
(typically from past to future), BILSTMs process data both forward and backward. This dual-
directional approach provides the network with twice the information at any given point, leading
to more accurate and nuanced predictions. Fig. 7 shows the schematic of the desired BI-LSTM

network. Let x(5T) be an input sequence of length T, therefore:

Forward: 0 O — ®) Bt-1) ~(-1) —
RO, ¢® = LSTM; (x®, AGE-D, D), ¢=1,.,T 47)
Backward: DO ) — ®) p(t+1) A(t+1) —
h®, c® = LSTM, (x©®, h®+D), c&D), ¢ =T,..,1 ()
At every position t, the two hidden states are merged by concatenation:
h_bi® = concat[ﬁ, W] € R2H (19)
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Figure 7: Bidirectional long short-term memory (BILSTM) architecture.

3.3 Sparsity-Promoting DMD

This section will discuss SP-DMD, but first, the Exact DMD will be reviewed. As discussed,
DMD is a data-driven and equation-free method, designed to identify spatiotemporal coherent
structures within a complex dynamical system. This approach can be used with sequential data,

whether generated from numerical simulations or obtained through experimental measurements.
3.3.1 Exact DMD Algorithm

The first step involves gathering several pairs of snapshots as the system evolves over time.
These snapshots capture the state of the system; for example, in this study, they represent a two-
dimensional fluid velocity field measured at specific discrete points. The time intervals between
each consecutive pair are consistent and small enough to capture the highest frequencies in the

system's dynamics.

This field is typically transformed into a high-dimensional column vector sequence, referred

to as Xe R™™:.
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| | |
X =|x(t) x(ty) .. x(ty)]. (20)
| | |

These snapshots, are subsequently organized into two data matrices, denoted as X; and X5:

| | |
X; = [x(t) x(t) . x(tm-1)| (21)
| | |

| | |
I | |
The goal of the DMD algorithm is to estimate the leading spectral decomposition, focusing
on the eigenvalues (4;) and their associated eigenvectors (¢} ) of the optimal linear operator A,
which captures the relationship between two snapshot matrices over time:
X, = AX;. (23)
Although these snapshots typically come from a nonlinear dynamical system, DMD provides

an optimal local linear approximation. The optimal matrix A4 is defined as:
A= argmin ||x, — Ax, ||y = X,X]. (24)
A

Where || - || is the Frobenius norm that sums the squared residuals of every entry of the
snapshot matrix and t denotes the pseudo-inverse operation. Given the potential for X to represent
an extremely large dataset, which could complicate the regression task, the DMD algorithm
proposes an approximation of the higher order for constructing A, focusing on selecting a reduced

rank.

By performing the SVD of X; and selecting the first ‘r’ truncated singular values:
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X, ~ U5V, (25)

Since only the leading r eigenvalues and eigenvectors of A are of interest, A can be projected

onto the POD modes in U:

A= 040 = U"x, V51, (26)
By computing the eigen decomposition of A:

AW =waA, (27)
The entries of the diagonal matrix are the DMD eigenvalues, which also correspond to

eigenvalues of the full A matrix. The high-dimensional DMD modes are reconstructed using the

eigenvectors W of the reduced system and the time-shifted snapshot matrix X, according to:

¢ =X, VEw. (28)
The columns ¢; of @ (DMD modes) are notably the eigenvectors of the high-dimensional
matrix A, associated with the eigenvalues 4; in A:

AD = PA. (29)

The state reconstruction at each time snapshot t; can be written as:

T
HOBDRw (30)
k=1
Where r is the number of dominant DMD modes retained, ¢; are the DMD modes, A, are

the DMD eigenvalues, b;, are the amplitudes determined by projecting the initial state (or another

reference state) onto the DMD modes.

By considering the initial snapshot X; at time t; = 0, from Eq. 25:

b = dTx(ty). (31)

The full state approximation of flow field X; at all time steps can be reconstructed by:

36



Xl = @Dy Vana- (32)

Where @ is the matrix, whose columns ¢,, represent the DMD modes, capturing the coherent
spatial patterns, while D, is a diagonal matrix containing the mode amplitudes, and V,, 4 is the

Vandermonde matrix governs the temporal evolution of each mode. This can be written in the

form:
| | | | [ e @y
~ 0 b 1 2 m-2
X = x(tl) x(tz) x(tml)] ~ |:<,01 0, - (prl : :2 O : :2 ; (lz): . (33)
| | | o L, ol |, Gy

3.3.2 SP-DMD Method

DMD can extract low-rank spatiotemporal dominant patterns from snapshots generated by
complex dynamical systems. However, many DMD modes are often required to accurately

reconstruct complex turbulent flows, making it still challenging for real-world applications.

SP-DMD designed to enhance the estimation of mode amplitudes by promoting sparsity and
selecting the most important modes. This method balances the number of modes and reconstruction
error by applying a Lasso penalty on mode amplitudes, which enforces sparsity by shrinking some
amplitudes to zero, effectively eliminating those features from the model. In this case, the
reconstructed snapshots using the DMD modes, unknown amplitudes b;, and the known time

evolution carried by each eigenvalue can be written as:
Xl(b) = ®DyVana- (34)

Reducing the cost function is interested by solving the:
m-1 n

J®) = X =20 7= D7 [XaG) = @I (@5

j=1 i=1

By solving this convex optimization problem, the sparse solution can be derived as:
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argmin| j(p billy )- 36
! (]()+V;II ||1) (36)

Here, y is a positive regularization parameter that enforces sparsity in the vector b. Higher
values of y place greater emphasis on reducing the number of non-zero elements in b. The term
|| - ||1 represents the [, -norm penalty, which promotes sparsity in b (encouraging more zero values
in D), which is a desired outcome. This optimization problem can be solved conveniently by using
ADMM algorithm. For a detailed explanation of the settings used to solve this convex optimization

problem via ADMM, the reader is referred to [7].

3.4 Preprocessing Dynamic Coefficients for Efficient MTL Network
The DMD algorithm may also be seen as connecting the favorable aspects of the SVD for
spatial dimensionality reduction and the fast Fourier transform FFT for temporal frequency
identification. Thus, each DMD mode is associated with a particular eigenvalue in a form of:
A =LY A%, D™ = (1, (@) + (B (@)? + i(Br)% .., (@)™ 2 +i(B)™ %] (37)

Where [ represents the specific oscillation frequency, and a denotes the growth or decay rate

for each mode.
The dynamic mode coefficients (time-dependent amplitudes) can be obtained by multiplying

the diagonal amplitude matrix with the Vandermonde matrix:

by bid, - b))
b, byA, .. b,(a)"?

lIUSp = Db(sparse)Vand =1 . . ? ? 2 . (38)
b, b, b, (A )"

Since Dy, is a diagonal matrix primarily consists of zero values, ¥, represents the sparse
dynamic coefficients. As a result, ¥, contains mostly zero rows, emphasizing the temporal

evolution of each selected mode.
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To reduce the number of features more efficiently, this research considers the behavior of the
sparse dynamic coefficient matrix to create the desired output mapping for the MTL network, with
the goal of capturing the unique frequency (imaginary component) and growth/decay (real
component) of ¥, . Specifically, the process involves:

1. Filtering out zero values from the sparse matrix ¥s, dynamic coefficients (removing zero-
valued rows).

2. Eliminating redundant mirrored values relative to the real axis (since each pair’s frequency is
both positive and negative of the same magnitude, and the growth/decay rate is constant for
each pair).

3. Separating the real and imaginary components to establish a more structured and separable
task approach for the MTL network.

Fig. 8 provides a schematic representation of the process. In Fig. 8(a), the blue points represent
¥ at specific time, obtained from the original DMD method. The red crosses indicate the selected
¥ values at initial system state after applying the SP-DMD method, yielding ¥g,. Fig. 8(b
illustrates W, after the imposition of sparsity, and Fig. 8(c) shows the elimination of redundant

mirrored values relative to the real axis, regulating the unique values for prediction task.

imaginary
L]
*®
imaginary

real real

(a) (b)

imaginary

real ‘ (c)

Figure 8: Illustration of the proposed sampling method for the dynamic coefficient: (a) Comparing the original DMD
dynamic coefficient or ¥ (blue points) at a specific time step with the SP-DMD-derived ¥, (red crosses). (b) The

¥sp values obtained after applying sparsity. (c) Elimination of mirrored values across the real axis.
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3.5 Multi-Task Learning Network

Multi-Task Learning (MTL) is a machine learning paradigm where multiple related tasks are
learned simultaneously using a shared model. This approach leverages the information from
different tasks to improve the generalization performance of all tasks involved. By training on
multiple tasks together, MTL increases data efficiency and reduces overfitting through shared
representations, allowing the model to capture more robust and generalizable features. In this
thesis, the goal is to find the correlation between sparse sensor measurements and the latent space

of dynamic coefficients ¥, retrieved from the SP-DMD method, as shown in Eq. 39:

R: {S(ty SGys r S(y} = (Wreally, yreally,, ..., Yrealf,y, pimagly, wimagl,, .., pimagl,} (39)
Generally, this network is designed to handle T different tasks using a combination of shared
and task-specific parameters. The shared parameters, 6, form a common representation layer that
captures the underlying features and patterns shared across all tasks. In addition, each task t has
its own set of task-specific parameters, 6;, to capture unique features and nuances relevant to that

particular task. Fig. 9 shows the suggested network.

The overall model’s function, f; can be expressed as:

Ve = fe(x; (65, 0,)) = he(g(x; 65); 6,) (40)
Where x is the input data, g(x; 6;) is the shared representation layer with shared parameters

6,, h; is the task-specific function for task t with parameters 8,.

For each task t (where t € 1,2,..,T), the model calculates the loss based on the true values

v;, and the predicted values y;:
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v A
Loss; :E E L(yt'j,yt,j) (41)
j=1

Here L is representative of the desired loss function. The total loss is computed as the

weighted sum of the individual losses across all T tasks and is given by:

T
LOSSTorq = Z a, - Loss, (42)

t=1

Where a; is the weight for task t, and Loss; is the individual loss for task t.

Specific Task Layer #1 Y1

Shared Layers

h{(g(x; 65); 61)

Specific Task Layer #2 Y2

hy (g(x; 95)i 92)

A
3

Specific Task Layer #T

hr(g(x; 65); 67)

Figure 9: Schematic of the multi-task learning (MTL) network.
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Chapter 4: Case Study

The proposed methodology is applied to a dataset of snapshots obtained from a three-
dimensional CFD simulation, focusing on the wake flow behind an isolated high-rise building [91].
After discarding the initial transient phase, a total of 6,084 snapshots of the streamwise (U) and
crossflow (W) velocity components were extracted. The snapshots are separated by a time interval
of At = 1 X 1073s. The data were collected on a vertical plane within the spatial domain defined
by (x/H, z/H) € (0, 160) x (0, 60), as illustrated in Fig. 10. The spatial grid consists uniformly
spaced points with a resolution of 4 mm, capturing both U and W velocity components. For model
development, the first 66% of the data (4,000 snapshots) were used in the offline training phase,

while the remaining 2,083 snapshots were reserved for online prediction.

In this study, two sensor placement strategies are employed to evaluate the method's
performance based on sensor locations. In both scenarios, 25 virtual sensors are used to capture
streamwise and crossflow velocity signals at specific locations including a sparse sensor
distribution (S1) and a random placement near the building wall and ground (S2) as shown in Fig.
11(a) and Fig. 11(b) respectively. In random sensor placement scenario, six sensors are randomly
placed near the building wall at a distance of 4 mm, while 19 sensors are positioned near the ground

at a distance of 12 mm.

Figure 10: Vertical plane position.
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Figure 11: Sensor placement strategies include: (a) Sparse domain distribution (S1), and (b) Random near-wall
distribution (S2).

4.1 Overview of the Case Study Domain and CFD simulation
settings

The case study models an isolated cubical building (H = 0.16 m, B = 0.5 H) placed on a
flat floor and exposed to a thermally stratified atmospheric boundary layer. The velocity profile

gives a roof-level speed of Uy = 1.37ms™!

,and temperature drops from 45.3 °C at the ground to
11.3 °C at roof height, yielding a bulk stratification A® =~ 30.4 °C. Fig. 12 illustrates the domain

and boundary conditions.

In the numerical setup, an Embedded LES (E-LES) method is used. A high-resolution LES
zone is placed around the obstacle to accurately capture detailed flow features, while the area
farther away is modeled using a coarser mesh with a URANS (realizable k—¢ turbulence model)

approach to reduce computational cost. The dynamic Smagorinsky SGS model drives the LES,
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and synthetic vortex forcing transfers modeled turbulence to resolved scales across the interface.
The hexahedral mesh consists of a total of 541,590 cells, and the simulation time step is adopted
at At = 1x 10™*s. This configuration captures coherent shear-layer eddies while cutting
computation cost by roughly a factor of two compared with a full-domain LES. For a more detailed

overview of the CFD configuration, refer to the reference [91].

L

Opuias>=41.7°C Tracer gas : C;H,

G

Mean temperature <¢> (°C)

2.5 ’ .
1N AR

10 15 20 25 30 35 40 45 50
Figure 12: A schematic view of the isolated building model and the boundary conditions, picture from [91], [92].

4.2 Implementation the Method on the Case Study

4.2.1 Noise Augmentation of Sensor Signals During Offline Training
Gaussian (or normal) noise is a stochastic perturbation whose samples n follow the

probability-density function [93]:
1 (n —w?

Where p and o denote the mean and standard deviation, respectively. In most signal-

processing machine-learning applications the mean is set to zero (u=0), ensuring an unbiased
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perturbation, while ¢ controls the noise level. Because many naturally occurring disturbances are
well approximated by this distribution and the central-limit theorem guarantees its emergence in
aggregated errors, Gaussian noise is the canonical choice for stress-testing models under realistic

measurement variability [94]. In the present study, each raw virtual sensor S, was augmented by

an additive Gaussian component:

Sy =Sw+ew,  &n~N(0,0%) (44)
With the standard deviation fixed at ¢ = p ug, where i is the mean absolute amplitude of the
corresponding sensor signal and p introduces a controlled noise-to-signal ratio across all 50 input

signals, striking a balance between regularisation strength and signal fidelity.

Augmentation was applied exclusively to the inputs of the training partition, and target
sequences and all validation/test data remained noise-free. Exposing the model to these perturbed
observations compels it to infer the underlying clean dynamics, thereby mitigating over-fitting and
markedly improving robustness to measurement noise in real-world deployments. Fig. 13
illustrates an example of additive Gaussian noise with a noise level of ¢ = 0.05 u4¢ applied to the

streamwise velocity signals recorded by sensor 6 in the S2 sensor configuration scenario.

—— train_data
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Figure 13: Comparing the original and noisy signals from sensor number 6 in S2 sensor settings during the offline
training phase.
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4.2.2 Architecture of the BILSTM Network and Hyperparameters Selection

The BILSTM model described is designed for time series prediction task, leveraging the
temporal relationships within the sensor signals. It consists of one BILSTM layer with 128 LSTM
units in each direction, which process sequences in both forward and backward directions to
capture past and future dependencies effectively. The model handles streamwise and crossflow

velocity signals for each 25 sensors (50 features), ensuring the representation of complex patterns.

For each sensors configuration (S1 and S2) a separate BILSTM network is trained. To prepare
the input data, first 4,000 sequential samples are allocated for training, while the remaining 2,084
samples are reserved for validation/test sets (online prediction phase). A look-back window
sequence length of 5 is used, enabling the model to analyze 5 previous time steps for making

predictions, with a prediction sequence length of 1.

During training, white noise was injected into the model’s input data. Experimental results
showed that a noise level of o = 0.05 u, provided the best balance between bias and variance.
Higher noise levels (greater than 10%) hindered the learning convergence, while lower levels (less

than 2%) had minimal regularization effect.

The training process employs a dropout rate of 0.025, preventing overfitting by randomly
deactivating some neurons during training. Moreover, Batch Normalization [95] is incorporated
into the network architecture to enhance training speed and stability. By normalizing the input of
each layer to have a mean of 0 and a standard deviation of 1, it mitigates the internal covariate
shift (the change in the distribution of layer activations caused by weight updates during training)

thereby facilitating more efficient and reliable learning process.
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The model is trained over 300 epochs with a batch size of 256, allowing for efficient learning
with large datasets. A learning rate decay strategy is implemented to adaptively regulate the
learning rate over training epochs, thereby facilitating more stable convergence as the model
progresses through training iterations. This process begins with an initial learning rate of 0.01,
which is then multiplied by a decay factor of 0.99 at the end of each training iteration. This gradual
reduction helps to stabilize the training process by allowing larger updates in the early stages and
finer adjustments as the model converges, ultimately improving overall performance and reducing

the risk of overshooting the minimum.

For optimization, the model utilizes the Adam optimizer [96] and the dense layers of the
model use the tanh activation function, ensuring outputs remain within the preprocessing bounded
range. This architecture provides a robust framework for sequence modeling, making it suitable
for applications requiring accurate temporal predictions. Fig. 14 illustrates the network

architecture, and Table. 1 summarizes the selected hyperparameters for the BILSTM network.

wiiou yoleg
T+ig

Figure 14: Schematic representation of the proposed BI-LSTM model architecture.
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Table 1: Hyperparameters selected for the proposed BI-LSTM network.

Parameter Value
Number of BI-LSTM layers 1
Number of input and output features 50
Number of LSTM units (2*64)128
Look-back window sequence length 5
Prediction sequence length 1
Dense layer activation function tanh
Loss function MSE
Dropout rate 0.025
Number of epochs 300
Batch size 256
Initial learning rate (Ir) 0.01
Learning rate schedule per epoch 1r*0.99
Optimizer Adam
Gaussian noise level (additive) o = 0.05u,

4.2.3 Preliminary Assessment of the SP-DMD and POD analysis on Case Study

In this section, the SP-DMD algorithm is applied to the high-order wind velocity snapshots.
To facilitate the implementation of SP-DMD technique, the full-state velocity data must first be
reshaped. As mentioned, the dataset for the model development phase consists of 4,000 snapshots,
each containing 9,600 spatial points with streamwise and crossflow velocity components. These
snapshots are initially structured as (4000, 60, 160, 2) and need to be flattened into a shape of

(4000, 19200) for processing (see Fig. 15).

Before performing the SP-DMD analysis, it is necessary to determine the appropriate number
of modes for the exact DMD. To do this, POD is first applied, followed by the evaluation of two
reconstruction error metrics. As previously explained, POD is a technique that extracts the most
energetic and coherent structures (modes) from high-dimensional data (such as velocity fields in

CFD) by maximizing variance (equivalently, kinetic energy). The objective is to identify a set of
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orthogonal spatial modes that efficiently represent the data while capturing as much of its kinetic

energy as possible with the fewest number of modes

60
u
160

19200 - Ii
N |

12 T=4000

Figure 15: Data flattening process for SP-DMD algorithm.

POD is implemented via SVD of the snapshot matrix X; (see Eq. 25). This decomposition
yields singular values o;, each associated with a POD mode. These singular values are the square
root of the energy (variance) captured by each POD mode, therefore, 0;2 represents the kinetic

energy associated with POD mode i.

The total kinetic energy (TKE) contained in the velocity dataset is thus given by the sum of

the squared singular values:
TKE = Z o? (45)

This provides a physically meaningful interpretation that the energy content of each POD
mode is explicitly given by the square of its corresponding singular value. Truncating the

decomposition after £ number of POD modes allows for a low-rank approximation that preserves
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most of the total energy, with minimal loss of information. The percentage of total energy captured

by the first £ modes is given by:

k 2

TKE(k)% = % x 100 (46)

Total of 3,300 velocity field snapshots are used in this analysis. Selecting the first k = 50
number of POD modes captures 98.83% of the TKE, while using the first 219 modes captures

99.95%. Fig. 16(a) and Fig. 16(b) illustrates the percentage of TKE retained as a function of the

number of POD modes selected, and the decay of the singular values, respectively.
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Figure 16: TKE% retained for the different number of selected POD modes (a), Singular value decay of the velocity
data (b).

An experiment is conducted to evaluate the performance of the exact DMD under varying
truncation ranks. Two error metrics are employed for this purpose, namely the root mean squared
error (RMSE) over all channels, grids, and time steps from Eq. 48 and the performance loss (n-
Loss) from Eq. 47 [7]. The results indicate that selecting the first 219 modes yields a n-Loss of
0.9% and an RMSE of 0.074. These findings are illustrated in Fig. 17.

X1 = X4 |,

m— Loss % = 100
1X1 1l
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RMSE =

T

T-C-G

t=1

1 C G ~ 5
Z Z Z (Xlt,c.g - Xlt,c,g) (48)
c=1g=1

Here, T represents the total number of snapshots in offline phase (in this case, 4,000), C

denotes the number of velocity channels (2 in this study), and G is the total number of spatial grid

points (9,600). X; refers to the ground truth data obtained from the CFD simulation case study,

while X; corresponds to the reconstructed data.
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Figure 17: Reconstruction error of exact DMD with different truncation ranks.

Each DMD mode has an associated amplitude that reflects its contribution to the initial

condition. Modes with higher amplitudes have a more substantial impact on the system's behavior.

By calculating these amplitudes, the modes can be ranked accordingly. Fig. 18 shows the first 6

dominant modes sorted in descending order based on the absolute values of the corresponding

mode amplitudes |b;|, for streamwise and crossflow velocity fields.

By applying the SP-DMD algorithm, the goal is to identify the optimal trade-off between the

number of selected modes out of a total available mode (219 in this study) and the reconstruction
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error. To evaluate the performance loss at varying levels of sparsity, the n-Loss metric proposed in

the original SP-DMD study is employed.

An experiment was conducted by evaluating 300 logarithmically spaced values of the
penalization parameter y, ranging from 0.05 to 100,000, to investigate its impact on the m-Loss
and the number of non-zero mode amplitudes (NZ). Fig. 19 shows the results for this experiment,
as can be expected, increasing the penalization parameter y leads to greater m-Loss in the
reconstructed velocity fields. Moreover, as the y parameter increases, the number of NZ
(corresponding to the number of active modes) decreases. It is shown that the combined velocity
fields can be effectively reconstructed using 120 DMD modes, with y = 708.7 resulting in a =n-

Loss 0f 1.61%.

/1(b) X1 — ®DyVanallp X1 = X1 (D),
1t — Loss % = 100 =100 =100 ——— (49)
’ J(0) I1Xy Il 1Xy Il

4.2.4 Creating the Library of Filtered Dynamic Coefficients by Selecting the
Effective Features from ¥y

This thesis presents a novel method for extracting unique and meaningful values from the
sparse dynamic coefficient set (¥,) which is essential for full-state reconstruction. The main
objective of this method is to reduce the number of output features required by the MTL network,

thereby decreasing prediction error and enhancing the model’s robustness.

The matrix ¥, has a dimension of 4000x219, where 4000 corresponds to the number of time
steps and 219 represents the dynamic coefficients associated with each mode. Notably, many
entries across the same column indices are zeros, indicating sparse temporal activity for certain

modes. To reduce dimensionality and focus on the active components, the process begins by
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removing columns consisting entirely of zero-valued entries, reducing the matrix size to 4000x120
as expected. Subsequently, real-valued components with zero imaginary parts (typically

corresponding to mean flow dynamics) are excluded. As this in this study, they include only two

modes, the final matrix is reduced further to a size of 4000x118.
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Figure 18: The first six most dominant spatial modes, sorted in descending order of the energy based on the absolute
values of the corresponding mode amplitudes |b;|, for (a) streamwise and (b) crossflow components
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values correspond to different sparsity levels y. (c) Correlation between n-Loss and the number of non-zero mode
amplitudes. The red circle indicates the selected sparsity level used in this work.

Following this, redundant mirrored values across the real axis (due to conjugate symmetry)
are discarded. The real and imaginary parts of the remaining complex coefficients are then
separated, producing two matrices: one real-valued and one imaginary-valued, each of size
4000x59. Finally, the previously removed isolated real-only components are reintroduced to the
real-valued matrix, resulting in a final shape of 4000x61. As a result, the pipeline defines two

output tasks for the MTL network:

e Task 1: Predict a real-valued matrix formed by combining the real parts of the complex

coefficients with the reinserted real-only components, yielding 61 features.

e Task 2: Predict an imaginary-valued matrix comprising only the imaginary parts of the

complex coefficients, yielding 59 features.

Overall, this preprocessing strategy (1) removes non-informative zero-padding, (2) isolates
purely real coefficients, (3) reduces redundancy due to conjugate symmetry, and (4) transforms the

prediction task into a numerically stable and well-structured dual-output regression problem.

4.2.5 Implementation of the MTL Model
The MTL model is employed to predict the unique real and imaginary components of the SP-

DMD dynamic coefficients through a shared and task-specific architecture. This architecture is
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trained using sensor signals collected during the offline model development phase. As previously
discussed, the objective of the MTL model is to predict the growth/decay rates (real components
with 61 features) and the corresponding frequencies (imaginary components with 59 features)

based on the sensor readings.

4.2.5.1 Data Pre-processing for MTL Network

This model will process 50 input features, which include 25 streamwise velocity signals and
25 crossflow velocity signals. The dataset consists of 4000 samples, which are split randomly
into 90% for training, 10% for validation/test set.

To enhance generalization and mitigate overfitting, additive relative Gaussian noise is applied
to the input signals during training, while noise-free input signals are used for validation.
Specifically, Gaussian noise is injected into the training data (sensor measurements) to simulate

variability and improve the model's robustness to signal disturbances.

4.2.5.2 MTL Model Architecture and Hyper Parameters

The model employs four shared dense layers to extract common representations beneficial for
both tasks, complemented by task-specific dense layers. The real component prediction task
includes five hidden layers, while the imaginary component prediction task also utilizes five

hidden layers. Dropout with a rate of 0.002 is applied across all layers to prevent overfitting.

The activation function used in the hidden layers is Leaky ReLU, which enables learning from
both positive and negative input values, while the output layers use a Linear activation for accurate
regression. The model is optimized using the ADAM optimizer [96], with a learning rate
scheduling strategy similar to that employed during the training of the BILSTM network. The MTL

network is trained using a batch size of 256 over 800 epochs, ensuring robust learning.
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To minimize prediction errors, the model employs the Huber Loss function [97], which is
particularly effective at handling outliers. Commonly used in regression tasks, Huber Loss
combines the advantages of both Mean Squared Error (MSE) and Mean Absolute Error (MAE). It
is less sensitive to outliers than MSE while maintaining a smooth and differentiable structure,
transitioning between MSE and MAE based on a tunable hyperparameter §. For each task t (where
t € 1,2), the loss is computed using the true values y;, and the predicted values y; as defined by

the Huber Loss formula.

n
1 N
Loss; = HZ Huber(y.j, 9:;) (50)
=
1 .
SO -9 forly-3yl<é

Hubers(y,y) = (51)

1
5-(ly=91-36)  forly=31>0

The total loss is calculated as the weighted sum of the individual losses across all tasks. Equal

loss weights, a; = a, = 1, are assigned to both tasks to ensure balanced importance between

them:

2

LOSStotar = Z a; - Loss; = Loss; + Loss, (52)
t=1

With a total of 636,000 trainable parameters, the model efficiently combines shared and task-
specific learning to enhance predictive accuracy. This design allows the model to simultaneously

predict 61 real components and 59 imaginary components of SP-DMD dynamic coefficients using
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the sensor signals. The specific details of the model’s structure and layer organization can be

visualized in Fig. 20. The selected model hyperparameters are summarized in Table 2.
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Figure 20: Schematic representation of the proposed MTL model architecture.

Parameter Value
Number Shared layers 4
Number of hidden layers for task 1 5
Number of output features for task 1 61
Number of hidden layers for task 2 5
Number of output features for task 2 59
Dropout 0.02
Epochs 800
Batch size 256
Initial learning rate 0.01
Learning rate schedule per epoch 1r*0.99
Optimizer Adam
Final dense layer activation function Linear
Loss function Huber (6 = 1)
Gaussian noise level (additive) o = 0.05u,
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Table 2: Hyperparameters selected for the proposed MTL network.
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Chapter 5: Results and Discussion

In this section, the performance of each individual building block of the proposed framework
is first evaluated separately, followed by an assessment of the overall performance of the integrated
system. Section 5.1 investigates the reconstruction error of velocity fields using the selected modes
from SP-DMD, along with the corresponding eigenvalues, mode amplitudes, and error distribution
across different sparsity levels. Section 5.2 examines the temporal forecasting framework during
the online phase for two sensors’ configurations (S1 and S2) under varying levels of noise. Section
5.3 evaluates the mapping performance of the MTL framework, assuming direct access to sensor
signals for reconstructing the corresponding full-state fields. Finally, Section 5.4 assesses the

overall performance of the integrated framework and conducts model verification.

5.1 Evaluation of the SP-DMD Method on the Case Study

In this section, the results obtained from applying the SP-DMD to wind velocity field data are
evaluated. As discussed in the previous chapter, increasing the sparsity level in the mode amplitude
vector b; leads to a sparser optimal solution. This enforced sparsity, however, comes at the cost of
increased reconstruction error, as fewer modes are retained to represent the full dynamics of the

system.

Fig. 21 and Fig. 22 illustrate the reconstructed SP-DMD velocity fields at t = 1s,t = 2.5s

and t = 3s for varying sparsity levels in both the streamwise and crossflow directions,
respectively. As the penalization parameter increases, promoting higher sparsity, reconstructions
using 195 and 120 active modes remain largely indistinguishable from each other and from the
reference field. This suggests that a moderate reduction in the number of modes does not

significantly compromise the reconstruction quality.
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However, when the sparsity is pushed further (resulting in only a single active mode) the
reconstruction degrades considerably. In this extreme case, the velocity field captures only the
mean flow pattern, failing to reproduce the high-resolution dynamics in both the streamwise and
crossflow components. This highlights the inherent trade-off between model compactness and
reconstruction fidelity; that is, while aggressive sparsity enhances interpretability and reduces
computational complexity, it simultaneously limits the model’s ability to accurately capture

complex and high-frequency flow features.

To assess the spatial distribution of SP-DMD reconstruction error under varying levels of
sparsity during the oftline phase, the MSE is computed and averaged over 4000 snapshot samples.
The results are presented separately for the streamwise Fig. 23(a) and crossflow Fig. 23(b) velocity
components. Each visualization displays the spatial variation of reconstruction error for selected
number of none-zero mode amplitudes: 195, 120, 100, 48, 21, and 1. As the number of retained
modes decreases (as sparsity increases) the reconstruction error becomes increasingly significant,
particularly in regions characterized by complex flow dynamics or high turbulence intensity. In
the extreme case with only a single active mode, the reconstruction predominantly fails to represent
the dynamic fluctuations of the flow, resulting in substantial localized errors. Conversely,
reconstructions utilizing 100 or more modes demonstrate low MSE values and closely approximate

the reference flow fields, emphasizing the trade-off between sparsity and reconstruction fidelity.

These visualizations underscore the impact of sparsity on the spatial accuracy of SP-DMD
reconstructions and highlight the importance of selecting an appropriate number of active modes

for reliable velocity field recovery in both flow directions.
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Figure 21: Evaluation of the streamwise velocity field reconstruction using SP-DMD by inducing different levels of
sparsity at t=Is, t=2.5s and t=3s during the offline phase.
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Figure 22: Evaluation of the crossflow wind velocity fields reconstruction using SP-DMD by inducing different levels
of sparsity at t=1s, t=2.5s and t=3s during the offline phase.
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Figure 23: Comparison of MSE distribution in velocity field reconstruction across 4000 offline training phase
snapshots at varying sparsity levels (different numbers of active modes), evaluated for: (a) streamwise (u/uH) and
(b) crossflow (w/uH) components.

Fig. 24(a) compares the complete discrete-time DMD eigenvalues (blue circles) with the
subsets selected by the SP-DMD (red crosses) for progressively smaller selected active modes. as
mentioned, in the complex plane, the real part of each eigenvalue represents exponential growth
or decay, while the imaginary part corresponds to the oscillation frequency. Eigenvalues near the
unit circle signify neutral or weakly damped dynamics (typically associated with coherent
structures that dominate long-term flow behavior). In contrast, eigenvalues located deep within the

unit circle indicate rapidly decaying modes, often attributed to noise or transient phenomena.



In all cases, SP-DMD prioritizes the retention of low-frequency, weakly damped modes and
consistently eliminates highly damped interior modes. As the sparsity level decreases, the selected
modes converge to a minimal set of one real mode and a single complex-conjugate pair. This
minimal configuration is sufficient to capture the dominant dynamics of the wind velocity around

the building with negligible loss in reconstruction accuracy.

Fig. 24(b) illustrates the relationship between the absolute value of mode amplitude |b;| and
its corresponding frequency Imag(4;). The exact DMD results are shown as blue circles, while
the modes selected by the SP-DMD are indicated by red crosses for various sparsity levels. The
SP-DMD preferentially retains low-frequency modes associated with higher mode amplitudes
(higher energy), meaning it effectively filtering out high-frequency, low-energy modes that are
prevalent in the full DMD spectrum. This filtering behavior is further demonstrated, where the
level of sparsity progressively narrows the selection to a single dominant low-frequency mode

(mean flow).

This underscore two important insights. First, the most energetic flow structures are
concentrated in the low-frequency range. Second, relying solely on the exact DMD amplitude
spectrum is insufficient for identifying a compact and dynamically meaningful modal basis. This
explain that imposing a sparsity constraint, as done in SP-DMD, is essential for extracting the

dominant coherent structures effectively.

The absolute values of the mode amplitudes |b;|, plotted with respect to the mode index in
the diagonal matrix diag(b;) for various levels of sparsity, are shown in Fig. 25. This analysis
reveals that the mode corresponding to the mean flow (characterized by high energy and low
frequency) is located at index 177 in the diag (b;) matrix. Moreover, as the sparsity level increases,

this dominant mode is the only one retained, indicating that aggressive sparsity prioritizes the
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preservation of low-frequency, energy-dominant structures while discarding higher-frequency,

lower-energy components.

5.2 Online Reconstruction of Full Wind Field States from Sparse
Sensor Signals using direct sensor readings

In this section, wind flow fields are reconstructed directly from sensor readings at each
corresponding time step. This implies that only two components of the framework (MTL and SP-
DMD) are utilized. The model sequentially processes the real-time sensor readings at each time
step to predict the corresponding full-state velocity fields.

Fig. 26 and Fig. 27 present the MSE of the reconstructed flow fields during the online phase

for sensor placements S1 and S2, respectively, compared to the reference data. Fig. 26(a) and Fig.

27(a) show the model's overall performance when the MTL network is trained on noise-free signals
for the S1 and S2 sensor settings, respectively. For both sensor placement scenario, the overall
reconstruction error increases with higher noise levels. Conversely, when the MTL model is trained
on noisy data, it becomes less sensitive to noise, resulting in a more robust and reliable framework

(Fig. 26(b) and Fig. 27(b)).
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Figure 24: (a) Eigenvalues from the exact DMD algorithm (blue circles) and the non-zero eigenvalues selected by the
SP-DMD algorithm (red crosses) at different levels of sparsity. (b) Absolute values of the mode amplitudes b; and the
corresponding frequencies on the different levels of sparsity
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Figure 26: Online reconstruction error of wind velocity fields with respect to the reference data under varying noise
levels for S1 sensor placement scenario: (a) model trained on noise-free signals, and (b) model trained on noisy signals.
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Figure 27: Online reconstruction error of wind velocity fields with respect to the reference data under varying noise
levels in S2 sensor placement scenario: (a) model trained on noise-free signals, and (b) model trained on noisy signals.

5.3 Performance Evaluation of the BILSTM for Predicting
Sensor Signals

Fig. 28(a) and Fig. 28(b) present the predicted sensor signals over a duration of 2084 timesteps

(2.084 seconds) from the online forecasting (test) phase for the S1 and S2 sensor configurations,
respectively. The results are shown for the 1st, 6th, 11th, 16th, and 21st sensors, including both
streamwise and crossflow velocity components. In each plot, the CFD reference data is represented
by a solid black line, while the predicted values are shown as a dotted orange line. These
visualizations facilitate a direct comparison between predicted and reference signals, allowing for

an intuitive assessment of the network’s tracking performance across a range of temporal
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dynamics. Across all sensors, the predicted trajectories closely follow the reference data,

effectively preserving both amplitude and phase characteristics.

Under a 5 % relative additive Gaussian-noise perturbation, the BILSTM forecasts for both S1
and S2 sensor layouts remain tightly aligned with the CFD reference throughout the 2,084 time-
step (2.084 s) online phase. Across the 1st, 6th, 11th, 16th and 21st sensors, the network preserves
peak amplitudes and phase relationships, showing only minor attenuation during the most
energetic crossflow bursts. This close overlap between predicted and truth signals confirms the
model’s robustness to measurement noise and its ability to generalise to distinct spatial

configurations while sustaining high-fidelity reconstruction. Fig. 29 illustrates these findings.

To evaluate the performance of the time series BILSTM model, a heat map of absolute
deviation error was generated on the test run across various noise levels (Fig. 30). The horizontal
axis represents the 2,084 timesteps during the prediction phase, while the vertical axis corresponds

to 25 sensors signals from S2 settings, used for both streamwise and crossflow velocity predictions.
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Figure 29: Comparison of BILSTM model predictions for sensors 1st, 6th, 11th, 16th, and 21st under a 5% relative
noise level, showing Streamwise velocity U(ms™1) and Crossflow velocity W (ms~!) during the online forecasting
phase using the (a) S1 scenario and (b) S2 scenario.

For most of the predictions, the absolute deviation error remains below 0.1. However, a
notable error occurs around time step = 110, where the error exceeds 0.25 for streamwise velocity
at sensors 14 to 20. This anomaly is attributed to a sharp drop in streamwise velocity observed at
those sensors during that specific time step. The localized error spike indicates that the model
encounters difficulties in capturing abrupt transients, although its overall performance remains

stable and consistent across the temporal and spatial domains.
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Figure 30: Absolute-error heat map of the BILSTM test run across varying noise levels.

5.4 Reconstruction of Full-State Velocity Fields Using the
Integrated Model and Corresponding Verification

In this section, the performance of the integrated framework is assessed under the S2 sensor
configuration, in which only randomly distributed near-wall sensors are employed. This
arrangement is preferred for real-world applications and has already demonstrated acceptable

accuracy for real-time monitoring.

Fig. 31 presents a comparison between the reconstructed turbulent velocity fields and the
reference case at t = 0.5s, 1s, and 1.5s under three noise conditions: no noise, 0 = 0.25u¢ and
o = 0.35u,. The corresponding spatial distributions of MSE are also shown, highlighting the

impact of varying noise levels on reconstruction accuracy across the total predicted snapshots. As
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can be expected, the largest reconstruction errors occur in the building’s near-wake region due to
high turbulence area. Moreover, increasing the relative noise level in the input signals leads to a

higher concentration of reconstruction errors in the same regions.

Time-averaged streamwise and crossflow velocity profiles of the reconstructed fields are
presented in Fig. 32 for four locations x/H = 0.25 (downstream of the building), x/H = 0.5,
x/H = 2.5, and x/H = 3.5 (far wake). Moreover, Fig. 33 shows the instantaneous profiles

sampled at t = 1.5 s at the same x/H positions.

The reconstructed fields show strong agreement with the CFD reference at the far wake
locations, while minor discrepancies are observed near the building, where turbulence intensity is
highest specificity for z/H = [0.5 ~1.25]. Across varying noise levels, the reconstructed fields
maintain consistent qualitative behavior compared to the CFD data, demonstrating the method’s
robustness in capturing transient flow structures in the near-wake region. It is further observed that
increasing noise levels have a more pronounced effect on instantaneous profiles than on time-

averaged results, indicating that the time-averaged are less sensitive to input noise.

Fig. 34 presents the time histories of streamwise and crossflow velocity fluctuations
(u'/Uy,w'/Uy) obtained from both the CFD reference solution and the proposed predictive
framework under varying levels of input noise during the online prediction phase. The streamwise

and crossflow velocity fluctuations can be computed using Eq. (43) and (44), respectively:

!

u=u—1u (53)
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t=1.5s MSE over snapshots
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