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Abstract

This paper presents a data-driven framework for optimizing wind farm layout that in-
tegrates a neural surrogate model with reinforcement learning to capture wake interac-
tions while reducing the computational cost of physics-based simulations. The surrogate
is trained on Reynolds-Averaged Navier�Stokes (RANS) data to predict turbine power
from local �ow features. Validation in a closed test set shows normalized prediction
errors below 5%.

Keywords: Reinforcement Learning, Neural Surrogate Models, Simulation-Based Op-

timization, Renewable Energy Systems.

This article is © 2026 by author(s) as listed above. The article is licensed under a Creative Commons
Attribution (CC BY 4.0) International license (https://creativecommons.org/licenses/by/4.0/legalcode),
except where otherwise indicated with respect to particular material included in the article. The article
should be attributed to the author(s) identi�ed above.

1. Introduction

Wind energy has emerged as one of the fastest-growing renewable resources, o�ering a
direct pathway to reducing fossil fuel dependence and mitigating greenhouse gas emissions
[1]. However, the prevailing model of large-scale wind farms sited in rural or remote re-
gions � adopted to limit environmental impact � imposes substantial transmission losses,
infrastructure costs, and diminished grid resilience [2]. These limitations have motivated
a shift toward distributed and decentralized wind energy systems, especially in urban and
peri-urban settings where local generation can improve both e�ciency and supply reliability
[2, 3].

Vertical axis wind turbines (VAWTs) are particularly well suited to such decentralized
deployment. Unlike horizontal axis wind turbines (HAWTs), which require consistent in�ow
and yaw alignment, VAWTs are omni-directional and remain e�ective under the turbulent,
multi directional wind conditions characteristic of built environments [4]. Their compact
footprint, reduced noise emissions, and simpli�ed maintenance further enable denser place-
ment and higher power density in spatially constrained sites [4, 5], making them a compelling
option for micro-wind and smart-city applications.

Despite these advantages, optimizing dense VAWT layouts remains an open challenge.
Current industry practice relies largely on empirical spacing rules and evolutionary opti-
mization methods � such as genetic algorithms and particle swarm optimization � cou-
pled with simpli�ed analytical wake models [6, 7]. While adequate for conventional HAWT
farms, these approaches struggle in dense VAWT deployments, where sub-diameter spacing
and strongly coupled wake interactions dominate the aerodynamic response. High-�delity
CFD simulations can capture these e�ects e�ciently, but their computational cost renders
them impractical for large-scale layout optimization [6, 7], imposing a persistent trade-o�
between physical accuracy and computational tractability.

To address this limitation, the current paper proposes a data-driven framework that in-
tegrates neural network surrogate modeling with reinforcement learning for urban VAWT
layout optimization. CFD simulations are used to train fast surrogate models that pre-
dict turbine power output, which are then embedded within an RL environment to learn
optimal placement policies under realistic wind variability derived from historical data for



Winnipeg, Manitoba. By decoupling high-�delity �ow modeling from iterative optimization,
the proposed approach bridges the gap between physical realism and scalable design.

2. Related Work

Wind farm layout optimization has long been approached through heuristic and evo-
lutionary algorithms � Genetic Algorithms (GA), Particle Swarm Optimization (PSO),
Simulated Annealing (SA), Ant Colony Optimization (ACO), and Di�erential Evolution
(DE) � which e�ectively explore nonlinear design spaces [8�10]. While capable for static
problems, such methods demand extensive parameter tuning and repeated calls to expensive
�ow solvers, limiting their scalability under time-varying wind conditions [10, 11].

To reduce this cost, surrogate modeling techniques such as Kriging, response surface
methods, and Bayesian optimization have been embedded within optimization work�ows [4,
11�13]. These surrogates alleviate simulation expense but often degrade in high-dimensional
spaces or under strongly nonlinear wake interactions [14, 15]. More recently, neural networks
trained on CFD data have emerged as powerful alternatives, delivering fast inference while
preserving key physical trends in wake modeling and power prediction [16�18].

In parallel, reinforcement learning (RL) has drawn growing interest in engineering opti-
mization by learning adaptive policies through environment interaction rather than solving
�xed objectives [19, 20]. Deep RL methods such as DQN and PPO have achieved strong
performance on complex, non-convex energy and �ow problems [21, 22], and have recently
been applied to wind farm layout optimization � typically with simpli�ed wake models
[23�26]. Most existing approaches do not integrate high-�delity CFD data directly into the
learning loop, limiting physical realism. This work addresses this gap by combining CFD-
trained neural surrogates with RL in a uni�ed framework for VAWT layout optimization
under real wind data, enabling scalable, physically grounded optimization.

3. Problem Formulation

3.1. Methodology

Figure 1 illustrates the proposed surrogate-assisted reinforcement learning framework for
VAWT wind farm layout optimization, structured in two stages. The o�ine stage generates
RANS CFD wake interaction data to train a deep neural network surrogate and clusters ten
years of Winnipeg wind records into 12 representative scenarios via a GMM and K-means
pipeline. The online stage deploys a reinforcement learning agent that sequentially places
turbines, evaluating candidate layouts using fast surrogate-based power predictions under
stochastically sampled wind conditions. This two-stage architecture enables broad layout
exploration while preserving CFD-resolved wake physics.

Figure 1. Surrogate-assisted reinforcement learning framework for VAWT wind farm
layout optimization.



3.2. Selection of Wind Turbine

The ATO 400 W VAWT [27] is selected as the reference turbine for this study. A key
advantage of VAWTs for this application is their omnidirectional operation�they do not
require yaw alignment and maintain consistent performance regardless of wind direction.
This reduces sensitivity to the multidirectional, turbulent wind conditions typical of urban
environments. The turbine is designed for low wind speeds and has a cut-in speed of 2
m/s, making it suitable for the wind characteristics of Winnipeg. The speci�cations are
summarized in Table 1. While turbine selection is not optimized, �xing the turbine type
allows the study to focus on layout and density optimization, which remains highly non-
trivial due to wake-induced power losses.

Turbine Feature Value

Rated power 400 W
Rated wind speed 12 m/s
Cut-in wind speed 2 m/s
Rotor diameter 0.62 m
Blade height 0.9 m
Hub height 1.5 m

Table 1. Turbine speci�cations.

All simulations are conducted for a wind farm site in Winnipeg, Canada (49◦54′36′′ N,
97◦14′24′′ W; elevation 238.70 m). A �xed rectangular domain is considered, with properties
summarized in Table 2. The farm is oriented such that the positive X-direction points south.
A grid-based layout is adopted, with turbines arranged uniformly at a �xed spacing of one
rotor diameter (1.0D = 0.62 m) in both streamwise and cross-stream directions, yielding
a 100 × 100 grid within a 100D × 100D (62 m × 62 m) domain. Here, 1.0D de�nes the
minimum allowable spacing and is independent of the 1.5D radius used for surrogate feature
extraction. Although 1.0D represents an aggressive con�guration, prior studies on closely
spaced VAWT arrays [6] show that dense layouts can achieve high power density. The
grid resolution can be adjusted (e.g., 1.5D or 2.0D) without modifying the surrogate or
reinforcement learning framework.

Farm property Value

Location Winnipeg, Manitoba
Land size (length × width) 100D × 100D

Orientation North to South lengthwise
Density of air 1.2 kg/m3

Table 2. Wind farm site and environmental parameters used in the layout optimization
study.

3.3. Wind Conditions and Data Representation

The site's wind resource is characterized using ten years of hourly data from Environment
Canada [28], collected at the Winnipeg Richardson International Airport weather station
(Station ID: 3698), located within 1 km of the site and measured at a 10 m reference height.
Wind speeds are extrapolated to the turbine hub height using a logarithmic wind pro�le.

U

Um
=

ln(z/z0)

ln(zm/z0)
(3.1)



where Um is the measured wind speed at height zm, z is the turbine hub height, and
z0 = 0.1m represents the surface roughness length for open terrain. Each wind observation is
represented by its speed V and direction θ. To enable e�cient learning and avoid directional
discontinuities, wind data are mapped into Cartesian coordinates,

u = V cos θ, v = V sin θ (3.2)

To reduce computational cost during layout optimization using reinforcement learning,
the full wind dataset is condensed into a set of 12 representative clusters (as shown in
Table 3) using Gaussian Mixture Model (GMM) clustering with Bayesian Information Cri-
terion (BIC)-based model selection [29, 30], followed by k-means re�nement [31]. Each
resulting cluster represents a statistically signi�cant wind condition and is associated with
a frequency weight re�ecting its occurrence probability.

Cluster Speed (m/s) Dir. Mean (°) Dir. Std (°) Speed Std (m/s) % of Data Density Rank

1 6.88 65.4 102.5 1.41 7.4 11
2 3.06 169.5 18.0 1.02 10.5 3
3 2.97 296.7 18.6 1.01 12.5 2
4 2.96 70.2 23.6 1.14 8.0 8
5 6.15 186.0 14.9 1.01 10.9 1
6 2.97 175.1 165.7 1.13 8.5 4
7 6.01 329.4 14.4 1.12 7.8 6
8 6.32 271.9 18.6 1.26 7.3 7
9 3.18 236.8 17.5 1.11 9.3 5
10 10.46 294.1 94.4 1.74 5.5 12
11 9.81 174.5 18.0 1.51 6.0 9
12 5.88 125.8 19.6 1.40 6.4 10

Table 3. Representative wind clusters derived from historical wind data.

3.4. Training Data Generation and Network Architecture

Training data for the surrogate model are generated using Reynolds-Averaged Navier�Stokes
(RANS) CFD simulations across a range of inter-turbine spacings and in�ow conditions (Ta-
ble 4). For each layout, the �ow �eld around individual turbines is sampled at prede�ned
locations within a 1.5 rotor-diameter (1.5D) neighborhood, capturing both upstream in�ow
and near-wake interactions. This 1.5D radius de�nes only the local sampling region for
feature extraction and is independent of the inter-turbine spacing constraint used in layout
optimization, which remains �xed at 1.0D as speci�ed in Section 3.2. The sampled velocity
values form the input feature vector to the surrogate model. Corresponding turbine power
output is obtained directly from the CFD simulations by computing the aerodynamic torque
on the blades and multiplying it by the turbine's angular velocity as given in Eq.3.3.

P = T ω (3.3)

Wind speed (m/s) 2, 4, 6, 10, 12

Streamwise spacing (Lx/D) 2.0�10.0 (change = 0.5D)
11.0�15.0 (change = 1.0D)

Lateral spacing (Ly/D) 1.0, 1.5, 2.0, 2.5

Table 4. Input parameter ranges for the CFD-based surrogate training campaign, en-
compassing wind speeds from 2 to 12 m/s and streamwise spacings from 2.0D to 15.0D
at four lateral separation distances.



where T denotes the blade-resolved torque and ω is the turbine rotational speed. The
surrogate is implemented as a fully connected feedforward neural network that maps local
�ow features to turbine power output. The input consists of 48 normalized velocity samples
per turbine, extracted from a 1.5D neighborhood around the rotor. The network comprises
�ve hidden layers with widths 128�256�256�128�64, each using ReLU activation to capture
nonlinear wake�power relationships. Batch normalization is applied after each hidden layer
to stabilize training and accelerate convergence, and dropout (rate = 0.2) is used in the �rst
three layers to improve generalization. The output layer contains a single neuron with linear
activation, yielding the predicted turbine power (W). The model has approximately 87,000
trainable parameters, providing su�cient expressiveness while maintaining low inference
cost.

The training dataset comprises approximately 500 turbine-level samples generated from
high-�delity CFD simulations covering diverse turbine con�gurations, spacings, and in�ow
conditions (Table 4). The data are split into training (70%), validation (15%), and test
(15%) sets using strati�ed sampling to preserve wind-condition distributions. The model is
trained by minimizing mean squared error (MSE) using the Adam optimizer with an initial
learning rate of 0.001 and exponential decay. Training proceeds for up to 200 epochs, with
early stopping based on validation loss; convergence is typically achieved within ∼85 epochs.

Although the dataset size is modest by deep learning standards, alternative models com-
monly recommended for small tabular datasets�Random Forest, XGBoost, and Support
Vector Regression�are also evaluated. Using identical splits, tree-based methods achieve
competitive performance (R2 = 0.91�0.92), while the neural surrogate provides the best ac-
curacy (R2 = 0.94, RMSE = 19.3 W) and fastest inference (0.8 ms per sample). Although
the improvement (∼10�15% lower error) is moderate, it becomes signi�cant when accumu-
lated over ∼16,000 layout evaluations during RL training. The surrogate's e�ectiveness at
this scale is supported by high-quality CFD data, moderate input dimensionality (48 fea-
tures), a compact regularized architecture, and strong held-out generalization (NRMSE <
5%). These results justify its selection within the proposed surrogate-assisted RL framework.

3.5. Integration of the Surrogate Model into Layout Optimization

Once trained and validated, the neural surrogate serves as the core computational engine
of the reinforcement learning (RL)�based wind farm layout optimization framework. It
replaces high-�delity CFD simulations within the RL environment, enabling rapid evaluation
of turbine placement decisions while retaining wake-induced power loss e�ects learned from
physics-based data.

At each decision step, the RL agent proposes a turbine placement, after which the sur-
rogate predicts both the incremental power of the new turbine and the updated outputs
of existing turbines a�ected by wake interactions. These turbine-level predictions are ag-
gregated to compute total farm power, which de�nes the reward signal. With an inference
time of approximately 0.8 ms per turbine, the environment supports on the order of 103�104

layout evaluations per second, compared to 45�60 minutes per CFD evaluation, yielding a
speedup exceeding four orders of magnitude.

The surrogate-enabled RL framework allows the agent to complete 400 training episodes,
each comprising approximately 30�45 sequential placement decisions, resulting in more than
16,000 environment interactions. An equivalent CFD-based optimization would require over
104 GPU-hours, whereas the surrogate-accelerated training completes in approximately 2
hours on a single GPU.



4. Results and Discussions

4.1. Evaluation of the Surrogate Model

For validation against experimental turbine behavior, the reference power for the test
set is computed using a turbine-speci�c power curve derived from manufacturer data and
modeled as a �fth-order polynomial.

P (U) = 0.0264U5 − 1.0275U4 + 14.025U3 − 78.227U2 + 193.46U − 166.14 (4.1)

where U is the local wind speed at the turbine hub height and P (U) is the corresponding
power output in watts. To ensure physical realism, the power curve is implemented in a
piecewise continuous form subject to operational constraints,

P (U) =


0 U < Uin

P (U) Uin ≤ U < Ur

Pr Ur ≤ U ≤ Uout

0 U > Uout

(4.2)

where Uin = 2 m/s, Ur = 12 m/s, Uout = 15 m/s, and Pr = 400 W. To assess predictive
accuracy and generalization, Table 3 reports MAE, RMSE, NRMSE, MAPE, and R2 values
computed on the test set against both the manufacturer-based power curve and RANS
CFD�derived power estimates. This dual comparison evaluates the surrogate's consistency
with experimental turbine behavior as well as its ability to reproduce physics-based CFD
trends.

Evaluation Method MAE (W) RMSE (W) NRMSE MAPE R2

Manufacturer power curve 14.2 16.8 4.2% 4.1% 0.95

RANS CFD simulations 16.1 19.3 4.8% 4.9% 0.94

Table 5. Surrogate model predictive accuracy on test set.

Evaluation Method MAE (W) RMSE (W) R2 MAPE

Single 70�15�15 split 16.1 19.3 0.94 4.9%

5-fold cross-validation 15.1 ± 1.2 18.5 ± 1.6 0.941 ± 0.019 4.6 ± 0.4%

Table 6. Surrogate model performance using 5-fold cross-validation.

The results in Table 5 demonstrate that the surrogate achieves strong predictive accuracy
and generalization on the held-out test set. When benchmarked against the manufacturer-
derived power curve, it exhibits low absolute and relative errors, with normalized errors
around 4% and a high coe�cient of determination (R2 = 0.95), indicating close agreement
with experimental turbine performance. Validation against RANS CFD�based power shows
slightly higher errors, as expected due to numerical variability and wake-induced �uctua-
tions; however, the normalized error remains below 5% and R2 exceeds 0.94, con�rming
robust generalization to unseen �ow conditions. The consistent error levels across both ref-
erences indicate that the surrogate e�ectively captures the dominant relationship between
local �ow features and turbine power output. Moreover, the prediction error (NRMSE ≈
4�5%) is small relative to the turbine rated power (400 W) and signi�cantly lower than the
performance gains between optimized layouts (≈ 9�10% over GA), suggesting that surrogate
uncertainty does not a�ect layout ranking and is suitable for RL-based optimization.

Table 6 compares performance from a single 70�15�15 split with 5-fold strati�ed cross-
validation using RANS CFD power as reference. The cross-validation metrics (RMSE =



18.5 ± 1.6 W, R2 = 0.941± 0.019, MAPE = 4.6 ± 0.4%) align closely with the single-split
results (RMSE = 19.3 W, R2 = 0.94), indicating that the reported accuracy is not sensitive
to data partitioning. The low variance across folds further con�rms stable generalization
across CFD-generated samples, providing statistical con�dence in the surrogate's predictive
reliability.

4.2. In�uence of Surrogate Fidelity on Policy Learning

In the proposed framework, the reinforcement learning (RL) agent relies exclusively on
surrogate-based power predictions to compute rewards; thus, surrogate �delity directly
shapes the reward landscape during policy learning. Large or systematic prediction errors
could bias the agent toward layouts that are optimal under the surrogate but suboptimal
under true CFD-based physics.

In this study, the surrogate accuracy (NRMSE ≈ 4�5%, R2 ≈ 0.94) is substantially
smaller than the performance gap between GA and RL layouts (∼9�10% improvement in
turbine density and total power). This margin suggests that surrogate uncertainty is unlikely
to alter layout ranking. In addition, cross-validation shows low variability across folds (R2

std ≈ 0.02), indicating stable reward estimation.
These results imply that surrogate noise does not dominate policy learning, and the RL

agent captures meaningful physical trends rather than surrogate artifacts. More broadly,
this highlights a key principle for surrogate-assisted RL: prediction error should remain
smaller than the performance gap between competing design con�gurations.

4.3. Optimization of the Layout of Wind Farm using Reinforcement Learning

Once trained and validated, the neural surrogate serves as the core computational engine
of the reinforcement learning (RL)�based wind farm layout optimization framework. At
each decision step, the RL agent proposes a turbine placement, after which the surrogate
predicts the incremental power of the new turbine and the updated outputs of existing
turbines a�ected by wake interactions. These predictions are aggregated to compute total
farm power, which de�nes the reward signal. With an inference time of approximately 0.8
ms per turbine, the environment supports on the order of 103�104 layout evaluations per
second, compared to 45�60 minutes per CFD evaluation, yielding a speedup exceeding four
orders of magnitude and enabling computationally feasible learning-based optimization.

Figure 2 shows the training progression of the RL agent, with episode-wise rewards and a
50-episode moving average. Early-stage variability re�ects exploration and occasional sub-
optimal placements. The moving average stabilizes after approximately 150�200 episodes,
indicating convergence toward a consistent policy. Occasional low-reward episodes per-
sist due to continued exploration and stochastic wind sampling; however, the absence of
sustained degradation con�rms policy robustness. Overall, the stabilized moving-average
reward and bounded variance indicate that the agent e�ectively balances turbine density
and wake-induced losses, converging to a reliable optimization strategy for layout evaluation.

To evaluate learning stability and reproducibility, �ve independent RL agents were trained
using di�erent random seeds for environment initialization, exploration, and stochastic wind
sampling. Table 7 summarizes the resulting performance statistics. The low coe�cient of
variation (CV) in turbine count (4.2%) and total power (3.8%) indicates consistent conver-
gence to high-quality layouts despite stochastic. All policies outperform the genetic algo-
rithm baseline (41 turbines, 4.3 kW), con�rming the robustness of the surrogate-accelerated
RL framework. The higher variability in convergence episode (CV = 23.1%) re�ects di�er-
ences in early exploration and does not a�ect �nal layout quality.

To further validate the proposed reinforcement learning (RL)�based framework, a ge-
netic algorithm (GA) was implemented as a baseline under identical spatial constraints and



Figure 2. Reinforcement learning training history showing episode reward and 50-episode
moving average.

Metric Mean ± Std Range CV (%)

Turbines placed 44.6 ± 0.9 [44, 46] 4.2
Total power (kW) 4.72 ± 0.18 [4.51, 4.95] 3.8
Farm e�ciency (%) 26.4 ± 1.2 [24.8, 27.9] 4.5
Power density (W/m2) 47.6 ± 1.8 [45.2, 49.8] 3.8
Convergence episode 78 ± 18 [58, 102] 23.1

Table 7. RL training stability across 5 independent runs.

turbine speci�cations. The GA uses binary encoding over the discrete grid, with hyperpa-
rameters (population size, mutation rate, crossover probability) tuned to ensure convergence
within a computational budget comparable to RL training (∼16,000 layout evaluations). In-
creasing generations or population size beyond this threshold yields negligible improvement
(<1%), indicating practical convergence.

The GA converges to a layout with 41 turbines, representing the maximum con�gura-
tion identi�ed by the evolutionary search. In contrast, the RL-based approach (Figure 3)
accommodates 45 turbines within the same domain while achieving higher power density
and e�ciency. This di�erence highlights a key limitation of GA-based optimization in
high-dimensional, wake-coupled problems, where population-based heuristics may converge
prematurely and struggle to exploit �ne-scale spatial trade-o�s.

By contrast, the RL agent leverages sequential decision-making and surrogate-based feed-
back to identify placements that maintain favorable wake interactions, enabling higher tur-
bine density without disproportionate losses. Consequently, RL-optimized layouts achieve
both higher turbine count (Figure (Figure 4) and improved farm-level performance, demon-
strating superior scalability and adaptability. These results con�rm that learning-based
optimization is a more e�ective strategy for dense wind farm design in constrained environ-
ments.

4.4. Comparison of the layout optimization of Wind Farm

Table 8 positions the proposed framework relative to recent wind farm layout optimization
studies in terms of modeling �delity, optimization strategy, scalability, and computational



Figure 3. Wind farm layout optimized using a Genetic Algorithm (GA). The left panel
shows the �nal turbine arrangement, resulting in 41 turbines. The right panel presents
corresponding performance metrics.

Figure 4. Wind farm layout optimized using reinforcement learning (RL). The left panel
shows the �nal turbine arrangement, resulting in 45 turbines. The right panel presents
corresponding performance metrics.

cost. Compared with analytical wake-based methods [12], which rely on simpli�ed Jensen-
type models, the present approach retains CFD-resolved wake interactions through a RANS-
trained neural surrogate, achieving higher physical �delity at practical cost.

Relative to reinforcement learning approaches based on reduced-order wake models [13,
15], the proposed framework incorporates CFD-validated wake physics without the expense
of inline simulation. The surrogate achieves NRMSE < 5% (R2 = 0.94), comparable to
recent neural wake models [26, 27], while enabling evaluations in approximately 0.8 ms per
con�guration.

High-�delity optimization using LES or full CFD [21, 28] provides detailed �ow resolution
but typically requires days to weeks of computation for small arrays (6�9 turbines). In



contrast, the surrogate-accelerated framework enables RL training over 400 episodes in
approximately 2 hours, making large-scale layout exploration feasible.

Under identical evaluation conditions (same surrogate, wind scenarios, and constraints),
the proposed RL framework achieves a 9.8% increase in turbine density relative to a genetic
algorithm baseline. This gain re�ects improved exploration of combinatorial placement
con�gurations rather than di�erences in physical modeling. Overall, the method o�ers
a balanced trade-o� between physical �delity, computational scalability, and optimization
performance, particularly for dense VAWT deployments in constrained domains.

Study Turbine
Type

Optimization
Method

Wake Model Farm Size Key Performance Computational
Cost

Mosetti et
al. [10]

HAWT Genetic Algorithm Jensen analyti-
cal

2 × 2 km, 30
turbines

98.7% e�ciency Not reported

Vyshnav et
al. [24]

HAWT Deep Q-Network
(DQN)

Simpli�ed wake 5× 5 grid, vari-
able count

15% improvement
vs. GA

Hours (not
speci�ed)

Dong et al. [22] HAWT PPO + LES High-�delity
LES

6-turbine array 12% power gain Days (LES in-
line)

Park and
Park [21]

HAWT Graph Neural
Network

Physics-
informed GNN

Variable lay-
outs

R2 = 0.92 wake pre-
diction

Minutes (infer-
ence)

Li et al. [20] HAWT BiCNN surrogate CFD-trained
CNN

Wind farm
wake modeling

RMSE = 7.2% Seconds (infer-
ence)

Bempedelis &
Magri [16]

HAWT Bayesian Opti-
mization + CFD

High-�delity
CFD

9 turbines Pareto-optimal lay-
outs

Weeks (with
CFD)

Haddad et al. [8] VAWT
(Savonius)

ANN surrogate +
optimization

CFD-trained
ANN

Single turbine
design

R2 = 0.96 predic-
tion

Not reported

This work VAWT RL + Neural Sur-
rogate

RANS CFD-
trained DNN

100×100 m, 45
turbines

NRMSE < 5%,
9.8% more turbines
vs. GA

2 hours (RL),
0.8 ms (infer-
ence)

Table 8. Comparison with recent wind farm layout optimization approaches.

5. Conclusions/Future Work

This paper presents a data-driven framework for vertical-axis wind turbine (VAWT)
layout optimization that integrates high-�delity CFD simulations, neural surrogate mod-
eling, and reinforcement learning. The surrogate accurately predicts turbine-level power
from localized �ow features, achieving normalized errors below 5% when validated against
manufacturer curves and RANS CFD results. Embedded within an RL environment, it
enables e�cient, wake-aware turbine placement under realistic wind conditions for Win-
nipeg, Canada. The RL agent demonstrates stable convergence and outperforms a genetic
algorithm baseline under identical constraints, producing denser, higher-performing layouts
without the cost of direct CFD-based optimization.

Although validated using Winnipeg wind data, the framework is inherently site-adaptive.
The surrogate can be retrained with location-speci�c CFD and wind data, and the RL agent
can learn policies tailored to local wind distributions. Owing to the surrogate's e�ciency,
retraining and optimization can be completed within approximately one day on a standard
workstation, enabling practical deployment. Future work will extend validation to diverse
regions and terrains to assess performance sensitivity and develop generalized design guide-
lines for scalable urban VAWT deployment.

6. Data and Code Availability

The wind data used in this study are publicly available from Environment and Climate
Change Canada (Winnipeg Richardson International Airport station), and turbine speci�-
cations are obtained from manufacturer documentation. The neural network architecture,
training procedure, and reinforcement learning framework are described in su�cient detail



to enable reproduction. Due to the large size of the CFD-generated datasets, raw simulation
�les are not included in the supplementary material but are available upon request.
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