An Implicitly Differentiable Framework for
Physics-Informed Wind Turbine Blade Design
Optimization

Lucas Costa Barbosa[0009—0002—7464-6800] - Aqrjano Mauricio de Almeida

Cortes0000-0002=2941-2522] 31\ Laura Silvia Bahiense da Silva
Leite[0000-0001-8175-8320]

Universidade Federal do Rio de Janeiro, Rio de Janeiro, Brazil
{1barbosa, adricortes, laura}@cos.ufrj.br

Abstract. The aerodynamic optimization of wind turbine blades is tra-
ditionally bottlenecked by computationally expensive, non-differentiable
high-fidelity simulations that preclude efficient gradient-based design.
This work presents a novel differentiable computational framework that
integrates deep learning surrogates with physical solvers to enable end-
to-end gradient-based optimization of rotor performance. We propose a
hybrid architecture where NeuralFoil (a neural network predicting air-
foil coefficients) is embedded within a GPU-accelerated, differentiable
Blade Element Momentum Theory (BEMT) solver with guaranteed con-
vergence.

Unlike standard iterative solvers, our implementation leverages the Im-
plicit Function Theorem (IFT) to compute exact gradients of the power
coefficient (C'p) with respect to high-dimensional geometric parameters,
achieving numerical stability even in low-speed regimes where traditional
tools like QBlade often diverge. We demonstrate the efficacy of this
framework on the NREL 5MW reference turbine, using an Augmented
Lagrangian method to satisfy geometric and aerodynamic constraints
rigorously. The proposed pipeline runs fully in parallel on GPUs, offer-
ing a scalable, physics-informed pathway for next-generation renewable
energy engineering.

Keywords: Wind Energy - Differentiable Design - GPU-Accelerated -
Physics-Informed - Scientific Machine Learning.

1 Introduction

The rapid expansion of wind energy has made aerodynamic efficiency a cen-
tral driver of turbine performance and economic viability. The power coefficient
Cp directly determines the annual energy production of a turbine, and even
modest improvements can translate into significant gains over its operational
lifetime. Designing optimal blade geometries, however, remains a challenging in-
verse problem due to its high-dimensional design space, nonlinear aerodynamics,
and costly performance evaluations.
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Current optimization strategies face fundamental limitations. High-fidelity
approaches such as Computational Fluid Dynamics (CFD) provide accurate
physical modeling but are computationally prohibitive for iterative design and
large-scale optimization. In contrast, low-fidelity engineering tools based on Blade
Element Momentum Theory (BEMT) are computationally efficient, yet standard
implementations rely on fixed-point solvers, tabulated airfoil polars at discrete
Reynolds numbers, and non-smooth control flow. As a result, these solvers are
effectively non-differentiable and incompatible with modern automatic differ-
entiation frameworks, forcing practitioners to adopt gradient-free optimization
methods with poor sample efficiency in high-dimensional settings.

Despite recent advances in surrogate modeling and scientific machine learn-
ing, a gap remains between physically consistent turbine models and end-to-end
differentiable optimization pipelines. Purely data-driven surrogates often strug-
gle to enforce physical constraints or generalize beyond their training regime,
while classical physics-based solvers are tightly coupled to lookup tables and
iterative schemes that hinder stable gradient computation.

To address these challenges, this work introduces an implicitly differentiable,
physics-informed framework for wind turbine blade design. We combine two dif-
ferentiable reduced-order models within a Scientific Machine Learning (SciML)
architecture. NeuralFoil [14] replaces discrete airfoil polar tables with a differen-
tiable neural surrogate that maps airfoil shape parameters and Reynolds number
to aerodynamic coefficients. This model is coupled to a GPU-accelerated BEMT
solver based on the single-residual formulation of [12]|, which exhibits robust
convergence across operating conditions.

Crucially, gradients of turbine performance with respect to design variables
are computed via the Implicit Function Theorem, following the OptNet paradigm
[1]. By differentiating the equilibrium residual rather than unrolling solver iter-
ations, the proposed approach decouples memory cost from iteration count and
ensures numerical stability, even in low-wind-speed regimes where conventional
solvers often fail. The resulting pipeline enables efficient gradient-based optimiza-
tion of blade geometry, including airfoil shape, and substantially reduces com-
putational cost compared to gradient-free baselines, moving toward physically
consistent and differentiable digital twins for aerodynamic design optimization.

2 Related Work

The optimization of aerodynamic shapes traditionally splits between high-fidelity,
gradient-based methods and low-fidelity, derivative-free approaches. In Compu-
tational Fluid Dynamics (CFD), the adjoint method [7] is the gold standard,
computing gradients independent of design variable count. However, discrete
adjoint solvers are mathematically rigid and memory-intensive for complex mul-
tiphysics [6]. Conversely, standard low-fidelity tools like Blade Element Momen-
tum Theory (BEMT) solvers (e.g., QBlade [11]) are computationally lightweight
but rely on discrete look-up tables and fixed-point iterations. This obscures gra-
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dient flow, forcing reliance on sample-inefficient metaheuristics like Genetic Al-
gorithms [3] or noisy Finite Difference approximations [12].

Recent advances in Scientific Machine Learning (SciML) and differentiable
programming (e.g., JAX-CFD [§]) offer a middle ground by embedding physical
constraints into learning pipelines. While purely data-driven models [10] often
fail to generalize beyond training limits, our hybrid approach restricts the neural
surrogate to the airfoil level [14] while governing global performance via BEMT
physics. To overcome the memory bottleneck of unrolling iterative solvers ("ex-
ploding tape"), we adopt the Deep Equilibrium paradigm [1]. By differentiating
the equilibrium state via the Implicit Function Theorem (IFT), our framework
calculates exact BEMT gradients without the memory overhead of standard
automatic differentiation.

3 Proposed Framework and Numerical Experiments

3.1 Parametrization

The proposed framework is parametrized by two tensors. The design tensor
D € RBXSX24 gtores the variables for each of the B blades and S sections,
encompassing the Kulfan class exponents (N7, N»), 16 upper and lower Bernstein
coefficients, leading/trailing edge modifications, radial position r, chord length
¢, twist angle 6, and cylindrical drag coefficients. The operation tensor O €
RT*Sx9 defines the environmental and turbine conditions. For this study, we
match the standard NREL 5MW specifications (e.g., diameter D = 126 m,
freestream velocity vo, = 11.4 m/s, angular speed {2 = 12.1 rpm, and air density
p = 1.225 kg/m3).

Since all turbines use the same section-wise design across all their N blades,
T = B, allowing the design and operation tensors to be indexed simultaneously.
This tensor-based framework enables the differentiable optimization pipeline to
process multiple blade designs in parallel via GPU acceleration.

3.2 Differentiable Simulation

Our fully differentiable pipeline starts with NeuralFoil [14], a neural network
that acts as a differentiable manifold operator and is a surrogate model of XFoil
[5] (the state-of-the-art in airfoil aerodynamic simulation) and maps the Kulfan
[9] design parameters of the airfoil to its lift (Cr) and drag (Cp) coefficients.
NeuralFoil was trained on different operation conditions (angle of attacks and
Reynolds numbers), making it a robust estimator of the airfoil aerodynamic coef-
ficients. The results in Figure 1 demonstrate that NeuralFoil achieves comparable
accuracy while significantly reducing computational cost, making it suitable for
gradient-based optimization within the proposed framework.

The aerodynamic coeflicients are then passed to the implicitly differentiable
BEMT solver based on a single residual formulation developed by [12]. This for-
mulation solves for the inflow angle ¢ directly using the Brent method with guar-
anteed convergence [4], computing induction factors explicitly without nested
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Comparison of C;-Cp Polar for NeuralFoil vs. XFoil
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Fig.1: Comparison between NeuralFoil (NF) and XFoil predictions of aerody-
namic coefficients for the HALEOQ3 airfoil at different Reynolds numbers. Source:
[14].

iteration, leading to a faster computation compared to traditional BEMT imple-
mentations. The BEMT model computes the thrust ("), torque (Q), and power
(P) (and its corresponding coefficients Cr, Cg, Cp) generated by a turbine given
its design (D) and operation (O) tensors.

For each radial section, the solver finds the induction inflow angle ¢ that
satisfies the residual equation R(¢) = 0 described in Equation 1:

_ sing 7v;.ocos¢) B
R(Qs)il—a Qrl4ad

(1)

/ . . . .
where a = {F and a’ = 7% are the axial and tangential induction factors,

K=y F"g& and k' = % are the axial and tangential loading parameters
computed explicitly from ¢ and C, and C; are the axial and tangential force
coefficients, computed using the lift (Cr) and drag (Cp) coefficients estimated
by NeuralFoil. F' is the Prandtl tip loss factor and o is the local solidity.

Crucially, instead of unrolling the iterative solver operations (which is memory-
intensive), we compute the gradients of the equilibrium state using the Implicit
Function Theorem (IFT), as done in [1] and can be formulated as:

oo __(or| " oR o)
o€~ \9d|, ) o€

where & denotes the parameters of the residual function (design and operation
variables) and ¢* is the root of the residual function. This approach decouples the
memory cost of gradient computation from the convergence path of the solver,
ensuring numerical stability and scalability even when simulating complex blade
geometries in parallel. This architecture introduces two paradigm shifts that
distinguish it from other solutions for wind turbine design optimization in the
industry:
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— A Table-Free, Dynamic Flow Model: Unlike traditional BEMT solvers
that rely on discrete lookup tables (polars) pre-computed at fixed Reynolds
numbers, our approach dynamically queries the neural surrogate at the exact
local Reynolds number Re(¢) experienced by each blade section during the
solver iteration. This eliminates interpolation errors and the "staircase" dis-
continuities typical of table-based lookups, ensuring that the aerodynamic
forces evolve continuously with both the flow state and the blade geometry.

End-to-End Differentiable Shape Optimization: NeuralFoil serves as a
fully differentiable operator N'(a; D, Re) — (CL,Cp). This allows the com-
putation of exact partial derivatives of the aerodynamic coefficients with
respect to the airfoil shape parameters D via automatic differentiation. Con-
sequently, gradients can flow from the global power coefficient Cp back to
the fundamental geometric description of the blade, unlocking the ability to
optimize the airfoil profiles themselves, rather than merely scaling chord and
twist. Moreover, the implicit differentiation of the residual value drastically
reduces computational time and complexity.

To benchmark the proposed BEMT framework, we evaluated turbine perfor-

mance across a range of inflow wind speeds and compared the results against
QBlade [11], as shown in Figure 2. Overall, the two models exhibit close agree-
ment throughout the operating envelope. The primary discrepancy arises at
low wind speeds (< 9 m/s), where QBlade exhibits numerical instability in the
induction-factor solution, while the proposed implementation remains stable.

These results highlight the numerical robustness of the single-residual for-

mulation introduced by [12], as well as the dynamic, implicit computation of
both the Reynolds number and the induction factors within the solver. This for-
mulation enables a consistent and smooth evaluation of the airfoil lift and drag
coefficients across varying flow regimes, without relying on pre-tabulated polars
or iterative sub-solvers.

Power and Thrust Comparison C icil C

— QBlade P — QBlade Cp
@ DiffBlade P . @ DiffBlade C,

QBlade T . 175 QBlade Cr
DiffBlade T . 1200 DiffBlade Cr

Power [MW]
Thrust [kN]
Cp, Cr

g

5.0 75 100 200 225 250 5.0 75 100 200 225 250

125 175 125 175
Wind Speed [m/s] Wind Speed [m/s]

Fig. 2: Comparison of BEMT results from this work (DiffBlade) and QBlade.
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3.3 Lagrangian Design Optimization

In order to optimize the blade design ensuring its viability, it is necessary to
use constraints regarding both the design and operation of the blades. However,
embedding these constraints in the design parameters is not possible, since there
is not a direct mapping from Kulfan parameters to design validity. To solve this
problem, we propose a blade design process formulated as a constrained non-
linear Lagrangian optimization problem. Our objective is to maximize the rotor
power coefficient Cp with respect to the design tensor D, subject to both phys-
ical and geometric constraints. This optimization problem is an Augmented La-
grangian Optimization (ALO) [2]. Unlike simple penalty methods, which require
the penalty coefficients to approach infinity (leading to Hessian ill-conditioning
and numerical instability), ALO converges to the exact constrained solution with
finite penalty weights by introducing explicit Lagrange multipliers [13]. The ALO
problem can be formally described as:

min £(D) = = Cp(D) + A, + %fﬂ (3)

where hy is a differentiable geometric feasibility measure that quantifies how
far a blade airfoil shape deviates from basic geometric validity requirements
(leading and trailing edge thickness and no surface overlap), with associated
Lagrange multiplier A; and penalty weight 1.

The optimization proceeds in a dual-loop architecture: The inner (primal)
loop minimizes £ with respect to D using gradient descent optimizers (e.g.,
Adam or L-BFGS). The gradients VpL are computed exactly via the differ-
entiable pipeline, combining the IFT-based aerodynamic gradients VpCp with
the analytical gradients of the geometric constraints Vpg. The outer (dual)
loop updates the multipliers A using the rule \; < \; + p; max(0, g;(D)) and
adaptively increases p if constraint violations do not decrease sufficiently.

This dual-loop strategy enables the simultaneous optimization of aerody-
namic performance and geometric feasibility within a unified, fully differentiable
framework. By decoupling the primal design updates from the dual constraint en-
forcement, the proposed ALO formulation avoids the numerical ill-conditioning
typically associated with pure penalty methods while ensuring convergence to
constraint-satisfying solutions. Moreover, the use of smooth, physically moti-
vated constraint functions allows the optimizer to exploit accurate gradient in-
formation throughout the design space, facilitating efficient exploration of high-
dimensional blade geometries.

Figure 3 presents the results of the Augmented Lagrangian Optimization ap-
plied to the NREL 5MW reference turbine. The proposed framework achieves an
improvement in the rotor power coefficient C'p, from 50.05% to 51.39%. This per-
formance gain is obtained while maintaining low geometric constraint violations
and moderate values of the Lagrange multipliers, indicating effective constraint
enforcement without excessive penalization.

The hub, mid-span, and tip airfoil sections of the optimized blade are shown
in Figure 4. The resulting geometries satisfy the imposed geometric feasibility
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ALO: Power Coefficient Evolution ALO: Lagrangian Multipliers ALO: Shape Constraint
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Fig.3: Cp evolution (left), Lagrange multipliers (center), and shape penalty
(right) during the ALO of the NREL 5MW turbine.

criteria: the leading and trailing edges are preserved, and no overlap occurs be-
tween the upper and lower surfaces, while reducing airfoils surface area (and
consequently manufacturing costs) and improving its efficiency. These results
confirm that the optimization process successfully improves aerodynamic per-
formance while maintaining valid airfoil shapes throughout the blade span. It
should be noted that the adopted geometric validation does not explicitly ac-
count for manufacturing constraints, which could be incorporated.
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€:3.79m »3.79m [R=0.98
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Fig.4: Initial (standard) and final optimized designs of representative airfoil
sections along the NREL 5MW turbine blade span.

4 Conclusions

When applied to the NREL 5MW reference turbine, the proposed solver demon-
strated improved numerical robustness compared to QBlade, particularly at low
wind speeds. The optimization increased the rotor power coefficient C'p from
50.05% to 51.39% while maintaining low shape constraint violations and mod-
erate Lagrange multipliers.

By enabling direct optimization of airfoil geometries, rather than only chord
and twist distributions, the framework allows richer aerodynamic design explo-
ration. In summary, this implicitly differentiable, physics-informed framework
provides a scalable and robust pathway to optimize wind turbine blades end-to-
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end, bridging the gap between surrogate modeling and physics-based simulation
while enabling practical constrained design improvements.

Future work will incorporate structural constraints and further validate the

approach against high-fidelity CFD simulations.
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