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SUMMARY

This work presents a data-driven framework for mitigating wind effects on tall buildings. This is based on using a
morphing facade system to minimize wind-induced structural response. A surrogate model is first trained on wind-
tunnel measurements from an active fin system, mapping various fin angles to the top-level acceleration time history
in two directions. The structural response is then reconstructed and calibrated in the time domain to reproduce
measured accelerations. Then, a multi-agent reinforcement learning (MARL) controller is used to minimize wind-
induced effects by optimizing the fin configuration. Each fin is treated as an agent with a Gaussian policy over its
angle, and a global reward equal to the negative RMS of the top-level acceleration is maximized using an update with
arunning baseline. In addition, an actor—critic formulation based on Proximal Policy Optimization (PPO) is introduced
with a multi-objective reward that accounts for resultant and cross-wind responses. For the considered case study, the
learned fin configuration achieves approximately 31% reduction in along-wind RMS acceleration using the MARL
formulation, while the PPO-based approach further improves performance, achieving reductions of over 60% in
resultant acceleration compared to the reference configuration.
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1. INTRODUCTION

Wind hazards on high-rises are evolving due to more extreme wind events and a changing urban
environment. Therefore, traditional wind mitigation strategies cannot provide sufficient solutions
for such buildings. Aerodynamic mitigation strategies such as corner modifications, fins, parapets,
and openings have been widely investigated through wind-tunnel testing and computational fluid
dynamics (CFD). Recent cyber-physical experiments have demonstrated that actively controlled
corner fins can significantly reduce along-wind accelerations by coupling an aeroelastic model in
a boundary-layer wind tunnel with real-time optimization. In particular, Whiteman et al. (2022)
implemented an active fin system driven by a particle swarm optimization (PSO) loop and a
controller to search for optimal fin configurations directly in the wind tunnel. However,
implementing such techniques in real buildings faces serious cost and technical issues and might
not be efficient for real-time structural health monitoring (SHM).

As a solution, surrogate-based aerodynamic shape optimization has emerged as an efficient
strategy to approximate the structural response over a high-dimensional design space while
limiting the number of physical tests. For example, Lu et al. (2023) proposed a surrogate-based
cyber-physical framework for high-rise buildings, in which wind-tunnel measurements are used to
train machine-learning models for subsequent optimization. Earlier efforts on aerodynamic
tailoring using computational fluid dynamics (Ding et al., 2019), have also highlighted the
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effectiveness of geometry modification in improving wind-induced performance of structures.
Moreover, the concept of dynamic fagades for wind-responsive tall buildings (Ding and Kareem,
2020), further emphasizes the potential of adaptive systems in mitigating wind loads. In addition,
reinforcement learning—based aerodynamic optimization frameworks (Li et al., 2021a), have
demonstrated the capability of integrating domain knowledge into data-driven shape optimization.
However, this field is still challenging from a practical perspective.

In parallel, reinforcement learning (RL) has shown strong potential for active flow control (AFC)
problems, including drag reduction for bluff bodies using jets or rotating cylinders, in both
simulations and experiments (Wang et al., 2026; Montala et al., 2025; Font et al., 2025; Yan et al.,
2025; Suarez et al., 2025; Jia and Xu, 2024; Ding et al., 2019; Ding and Kareem, 2020).
Furthermore, deep reinforcement learning has also been applied to actively simulate and control
transient wind fields in experimental facilities (Li et al., 2021b), highlighting its applicability to
complex, time-dependent aerodynamic environments. In particular, multi-agent reinforcement
learning (MARL) strategies have been explored recently for coordinated flow control in complex
fluid systems, demonstrating improved scalability and control performance in high-dimensional
settings (Suarez et al., 2025). However, sufficient studies addressing the challenges related to wind
hazard mitigation on tall buildings are still lacking.

This study proposes a surrogate-driven, multi-agent reinforcement learning (MARL) framework
tailored to the active fagcade system used by Whiteman et al. (2022). The goal is to optimize fin
angles that minimize the RMS of top-floor acceleration using only a pre-trained surrogate, without
repeatedly querying the wind tunnel. This can provide strong practical value for real-time SHM.

2. METHODOLOGY

This study proposes a surrogate-driven, multi-agent reinforcement learning (MARL) framework
tailored to the active facade system investigated in Whiteman et al. (2022), with the objective of
optimizing fin angles to minimize the root-mean-square (RMS) of top-floor acceleration. A key
innovation of the framework is that the control policy is trained exclusively using a pre-trained
surrogate model, thereby eliminating the need for repeated and costly wind tunnel evaluations
during the optimization phase. The adopted control paradigm is consistent with recent advances in
distributed flow control using MARL, as demonstrated by Suérez et al. (2025).

The case study is based on a high-fidelity aeroelastic experimental campaign conducted at the
Natural Hazard Engineering Research Infrastructure Experimental Facility, where a 1:200 scale
multi-degree-of-freedom (MDOF) model of a 76-story benchmark tall building, is tested under
realistic boundary layer wind conditions. The model has a total height of 1.53 m and is designed
to accurately reproduce the distributed mass and stiffness characteristics of the prototype structure
through a central steel spine connected to seven aluminum diaphragms. The structural system
exhibits a first-mode natural frequency of approximately 2.30 Hz at model scale with an estimated
damping ratio of 2.5%, ensuring dynamic similitude with real tall buildings.

A defining feature of this experimental setup is the integration of an active aerodynamic facade
system consisting of twelve independently actuated slotted fins, mounted at three vertical levels
along the four building corners. These fins introduce localized perturbations to the flow field,
enabling manipulation of vortex shedding, separation, and reattachment mechanisms that govern



aerodynamic loading. Each fin is actuated via a NEMAL1 stepper motor, allowing continuous
variation of the fin angle within a bounded range of [0°, 270°]. The fins are geometrically non-
uniform along the height, with larger elements near the top region to enhance sensitivity to higher-
mode aerodynamic effects. Moreover, a symmetric configuration is assumed, where the angles on
one side the building are just mirroring the angles on the other side (Whiteman et al., 2022). This
configuration results in a 6-dimensional continuous control space, posing a non-trivial
optimization problem well-suited for reinforcement learning.

The wind tunnel experiments provide paired datasets consisting of static fin-angle configurations
and the resulting top-floor along-wind acceleration time histories. These data define the input—
output mapping that the surrogate model seeks to approximate. The surrogate operates in the
wavelet domain, where each acceleration signal is decomposed into multi-resolution coefficients.
A feed-forward multilayer perceptron (MLP) is trained to map the scaled 6-dimensional fin-angle
vector to the corresponding wavelet coefficients. The predicted coefficients are then reconstructed
into the time domain and further refined through a gain—offset calibration step to ensure
consistency with the experimental signal statistics. This hybrid representation significantly reduces
the dimensionality of the learning problem while preserving temporal fidelity, enabling rapid and
deterministic evaluations required for reinforcement learning. Within this framework, two
reinforcement learning formulations are investigated: A MARL formulation with REINFORCE,
and an actor—critic Proximal Policy Optimization (PPO) formulation with multi-objective reward.

2.1. A MARL formulation

The control problem is first formulated as a decentralized stochastic optimization problem. The
fin-angle vector is defined as:
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It should be mentioned that the fin angles on the right side are obtained based on assuming a
symmetric configuration. Each fin j is modeled as an independent agent governed by a Gaussian

policy:
6; ~ N (i), 0) )

At each episode, a candidate configuration is sampled and evaluated through the surrogate, which
returns the predicted acceleration time history a(t; 8). The reward is defined as: o

R(8) = —RMS[a(t; 6)] 3)

so that maximizing the reward corresponds to minimizing the along-wind structural response.
Policy parameters are updated using the REINFORCE algorithm, with a running baseline
introduced to reduce variance. Analytical gradients of the Gaussian policy are computed with
respect to both mean and variance parameters, and gradient ascent updates are applied. This
formulation provides a simple yet effective approach for exploring the high-dimensional control
space.



2.2. An actor—critic Proximal Policy Optimization (PPO) formulation

To enhance stability and incorporate additional performance objectives, a second formulation
based on an actor—critic architecture is introduced. In this approach, a neural network policy (actor)
outputs fin-angle actions, while a value function (critic) estimates the expected return. The policy
is trained using PPO, which improves training robustness through clipped policy updates.

The reward function is extended to account for both along-wind and cross-wind responses:

1 = Ag(we) — A(wy) — }{Ry(wt) 4)

where:

e A(w,) is the RMS of the resultant acceleration at time window wy,

e Ay(w;) is the baseline RMS corresponding to a reference configuration (e.g., all fins at
270°),

e Ry (w,) is the cross-wind RMS component,

e Jis a weighting parameter controlling the penalty on the cross-wind response.

This reward formulation promotes configurations that not only reduce the overall structural
response relative to the baseline but also explicitly penalize undesirable cross-wind vibrations,
which are often critical for serviceability and occupant comfort. Figure 1 shows the overall process
for the PPO-based actor-critic framework.

Multi-Objective Reward Function

Response r, = Ag(w) - A(w,) - AR, (w,)
e Along-Wind RMS Term A(w, )

e Baseline RMSA(w,)

e Cross-Wind Penalty AR (w,)
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Figure 2: Reduced acceleration at the top-level vs the original response (MARL controller).



Training is performed over multiple episodes using rollout buffers, where trajectories of states,
actions, and rewards are collected. The PPO objective then updates the actor network while
constraining policy deviations, ensuring smooth and reliable convergence. After training, the
learned policy is evaluated deterministically by selecting the mean action outputs, and the resulting
fin configuration is assessed using the surrogate model. Performance is quantified through RMS-
based metrics and directly compared against the baseline configuration.

3. RESULTS AND DISCUSSION

The performance of the proposed surrogate-driven reinforcement learning framework is evaluated
by comparing optimized fin configurations against a baseline case where all fins are set to 270°.
Two control formulations are considered: (i) a decentralized MARL approach trained using the
REINFORCE algorithm with a scalar reward based on along-wind RMS, and (ii) a PPO-based
actor—critic formulation with a multi-objective reward incorporating resultant and cross-wind
responses. The inclusion of two reward formulations enables a comprehensive evaluation of
control strategies. The REINFORCE-based approach provides a lightweight and interpretable
baseline for decentralized control, while the PPO-based actor—critic formulation introduces
improved stability, sample efficiency, and the ability to incorporate multi-objective performance
criteria.

3.1. Performance of REINFORCE-Based MARL Controller

The REINFORCE-based MARL controller achieves an approximately 31% reduction in along-
wind RMS acceleration at the top floor relative to the baseline configuration. The corresponding
time histories (Figure 2) show a consistent decrease in peak amplitudes and reduced fluctuation
intensity throughout the record. This indicates that the optimized fin configuration effectively
alters the flow-structure interaction, reducing both resonant amplification and broadband
aerodynamic excitation.
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Figure 2: Reduced acceleration at the top-level vs the original response (MARL controller).

From a control perspective, this result demonstrates that even a relatively simple policy-gradient
formulation, operating on a static action space and a scalar objective, is capable of identifying non-



trivial aerodynamic configurations in a high-dimensional design space. The use of a surrogate
model enables rapid policy evaluation, making the training process computationally efficient and
independent of the wind tunnel.

However, because the reward function is defined solely in terms of along-wind response, the
optimization is inherently biased toward reducing drag-related excitation. As a result, potential
improvements in cross-wind response (often governed by vortex shedding) are not explicitly
targeted in this formulation.

3.2. Performance of PPO-Based Actor—Critic Controller

Figure 3 presents the results obtained using the PPO-based actor—critic formulation with the multi-
objective reward. In contrast to the REINFORCE case, this approach yields substantially larger
reductions across all response components: Along-wind RMS, reduced by approximately 45.5%;
cross-wind RMS, reduced by approximately 64.7%; and resultant RMS, reduced by approximately
61.2%. The time-history comparisons show a pronounced attenuation of both peak responses and
high-frequency fluctuations, with particularly strong improvements in the cross-wind direction.
This is a critical observation, as cross-wind vibrations are typically associated with vortex
shedding and are often the dominant contributor to occupant discomfort in tall buildings.

The improved performance of the PPO-based controller can be attributed to two key factors. First,
the multi-objective reward function explicitly penalizes cross-wind response while also
maximizing reduction relative to the baseline, leading to a more balanced control strategy. Second,
the actor—critic architecture enables coordinated optimization across all fins through a shared
policy network, capturing coupling effects that are not accessible in a fully decentralized
formulation.

3.3. Discussions

A direct comparison between the two approaches highlights several important insights: first, while
the REINFORCE approach achieves a meaningful 31% reduction in along-wind response, the PPO
formulation delivers significantly larger reductions across all metrics, exceeding 60% in resultant
response. This demonstrates the advantage of incorporating additional physical objectives into the
reward function. Second, the decentralized nature of the REINFORCE-based MARL limits
interaction between individual fins, potentially leading to suboptimal global configurations. In
contrast, the PPO-based actor—critic framework implicitly captures interdependencies among
actuators, enabling more effective manipulation of the global flow field. Finally, the PPO-
controlled response exhibits smoother time histories with reduced intermittency and lower peak
amplitudes. This suggests that the controller not only reduces overall energy but also modifies the
spectral content of the response, likely through improved control of vortex shedding mechanisms.

From an engineering standpoint, the achieved reductions in acceleration are highly significant. A
30-60% decrease in RMS acceleration can substantially improve occupant comfort, as
serviceability criteria in tall buildings are often governed by acceleration thresholds rather than
strength limits. Moreover, reduced dynamic response leads to lower cyclic demand on both
structural and non-structural components, which can decrease fatigue damage accumulation,



extend the service life of facade systems and connections, and reduce maintenance requirements
over the building lifecycle. The strong reduction in cross-wind response observed in the PPO-
based formulation is particularly important, as vortex-induced vibrations are often the governing
design consideration for slender high-rise structures.
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Figure 3: Original (initial) vs. reduced acceleration time histories for along wind (ax) and across wind (ay) directions
(PPO-based actor—critic controller)

The present evaluation is conducted for a single wind direction (0°) under a specific turbulence
condition derived from the wind tunnel dataset. While the results demonstrate the effectiveness of
the proposed framework, further validation is required to assess its robustness and generalization
capability.

4. CONCLUSIONS

The present research introduces a surrogate-driven reinforcement learning framework for
optimizing a morphing fagade system on a tall building subjected to wind loading. By integrating
a physics-informed surrogate model with advanced control strategies, the proposed approach
enables efficient exploration of a high-dimensional aerodynamic design space without reliance on
repeated wind tunnel experiments.



A wavelet-based neural surrogate, calibrated in the time domain, can efficiently map 6-
dimensional fin-angle vectors to top-floor acceleration time histories, providing a fast, stable, and
deterministic environment for controller training. A decentralized MARL formulation, in which
each fin is modeled as an agent with a Gaussian policy and trained using a scalar reward based on
the negative RMS of along-wind acceleration, is capable of identifying improved aerodynamic
configurations with minimal algorithmic complexity. For the considered case study, the
REINFORCE-based MARL controller achieves an approximately 31% reduction in along-wind
RMS acceleration relative to the reference configuration with all fins at zero angle, demonstrating
the effectiveness of surrogate-driven policy-gradient optimization.

An extended actor—critic formulation based on PPO, incorporating a multi-objective reward that
accounts for resultant and cross-wind responses, significantly enhances control performance. The
PPO-based controller achieves reductions of approximately 45% in along-wind, 65% in cross-
wind, and over 60% in resultant RMS acceleration, indicating a more balanced and physically
meaningful mitigation of aerodynamic loading. The improved performance of the PPO-based
approach highlights the importance of coordinated control and multi-objective reward design,
enabling effective suppression of both buffeting and vortex-induced responses through implicit
coupling of fin actions.

The proposed framework is fully compatible with existing cyber-physical experimental platforms
and offers strong potential for extension to more advanced scenarios, including multi-directional
wind conditions, time-varying control policies, and real-time adaptive deployment. Overall, the
results demonstrate that surrogate-driven reinforcement learning provides a powerful and scalable
approach for aerodynamic control of tall buildings. The ability to achieve substantial reductions in
structural response, exceeding 60% in resultant acceleration, suggests significant potential for
improving occupant comfort, reducing fatigue demand, and enabling next-generation adaptive
facade systems in high-rise structures.
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