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Abstract. Downwind wake effects are becoming increasingly important as wind farms grow larger and turbine capacities in-

crease. Mesoscale weather models with wind farm parameterizations have emerged as a key tool in modelling long-distance

wakes between wind farms. However, they can be too computationally expensive for evaluating dozens or more layouts con-

sidered in regional planning and optimization. In this study, we develop deep-learning surrogate models that reproduce the

power losses and wind speed deficits caused by turbine layouts in mesoscale simulations at a fraction of the computational5

cost. The models combine atmospheric inputs from free-stream Weather Research and Forecasting (WRF) model simulations

with turbine layouts to predict spatial power fields produced by WRF when the wind farm parameterization is activated. First,

convolutional neural networks (U-Net) are developed as deterministic surrogates and achieve strong accuracy on two unseen

scenarios. Second, diffusion-based models are developed to generate predictive ensembles and quantify uncertainty, including

a residual diffusion model that learns the error of a deterministic U-Net prediction. Overall, the all models show a strong abil-10

ity to predict wind power, both on a per-grid cell basis and aggregated across wind farms. The U-Net model strength shows

sensitivity to the predictand (capacity factor vs. normalized power output), the combination of predictors (wind speed, wind

direction, turbulence, and temperature), the number of training scenarios, and the type of loss function. Among the probabilis-

tic models, DDPM provides the best calibrated ensembles, whereas residual diffusion yields more accurate point predictions

and better farm-level bias control. These results demonstrate that deep-learning surrogates can enable rapid and cost-effective15

evaluation of candidate wind farm layouts, while also supporting uncertainty-aware planning-stage assessment.

1 Introduction

As wind farms grow in size and turbine ratings increase, external wake effects play an increasingly important role in wind

energy assessment and planning. In many regions, new projects must be evaluated in the presence of existing or concurrently

planned neighbouring farms, so developers must consider not only within-farm losses but also wake interactions across multiple20

sites. This creates a need for layout-aware models capable of evaluating many configurations under realistic atmospheric

conditions.

Traditional engineering wake models are attractive due to their speed and simplicity, but they have recognized limitations

in representing long-range external wakes and their dependence on atmospheric stability (Fischereit et al., 2022; zum Berge
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et al., 2024). These limitations are particularly consequential for regional planning, where location-specific atmospheric con-25

ditions, terrain, and inter-farm spacing can strongly influence wake propagation. For such applications, mesoscale numerical

weather prediction models with wind farm parameterizations (WFPs) provide a physically more consistent alternative by rep-

resenting the interaction between large-scale atmospheric conditions and turbine-induced effects, including momentum sinks

and turbulence kinetic energy sources (Fischereit et al., 2021; Schicker et al., 2023; Pryor et al., 2023). As a result, mesoscale

WFP-based approaches are increasingly being used for regional planning purposes.30

Among these approaches, the Weather Research and Forecasting (WRF) model with WFP, hereafter WRF-WFP, has become

a useful tool for simulating layout-dependent wake impacts under realistic meteorological conditions. However, this improved

physical realism comes at substantial computational cost, especially when many candidate layouts must be screened during

planning and optimization. This motivates surrogate models that can emulate expensive simulations at a much lower cost.

Surrogate modelling has been widely used in wind energy, including turbine-level emulation of aerodynamic and aeroelastic35

responses such as loads and fatigue under varying inflow conditions (Dimitrov, 2019; Slot et al., 2020; Ti et al., 2020), as well

as farm-level prediction of annual energy production and wake-related losses (Padrón et al., 2019; King et al., 2020; Bleeg,

2020; Li et al., 2024; Wang et al., 2024).

Recent studies show that deep learning models perform well for wind speed and power prediction by capturing complex

nonlinear relationships (Wang et al., 2021; Annau et al., 2023; Abdelsattar et al., 2025; Liu et al., 2025; Rajaperumal and40

Christopher Columbus, 2025). However, most existing work focuses on operational forecasting from observations or SCADA

data (Pandit and Wang, 2024), where the goal is to predict future power production at individual sites. In contrast, planning-

stage analysis poses a different problem, where the objective is to emulate the layout-dependent power response produced by

a physics-based simulation model under many candidate turbine configurations over a broader geographical region

This distinction is important because the layout assessment task is not a time-series forecasting problem, but a spatial sur-45

rogate modelling problem. The inputs consist of gridded atmospheric fields together with turbine layout information, and

the output is a gridded waked wind speed or power field. This setting naturally lends itself to a computer-vision formula-

tion, in which convolutional neural network (CNN) architectures learn a mapping from atmospheric covariate and layout to

layout-dependent power responses. CNN-based models have shown strong performance in wind-related prediction tasks, par-

ticularly in multi-site settings (Harrison-Atlas et al., 2021; Wu et al., 2022; Arslan Tuncar et al., 2024; Liu and Zhang, 2024).50

Among these architectures, U-Net (Ronneberger et al., 2015) is particularly well suited to this task given its abilities to capture

multi-scale spatial structure while preserving local detail. A U-Net therefore provides a strong deterministic surrogate for this

problem, learning the conditional central tendency of layout-dependent power fields.

However, such surrogates do not quantify predictive uncertainty. A single prediction cannot fully characterize how surrogate

error varies across atmospheric regimes and turbine layouts, particularly for unseen configurations. Moreover, for computa-55

tional efficiency, the surrogate is typically conditioned on a reduced set of gridded inputs, rather than full three-dimensional

atmospheric state resolved by the mesoscale model across multiple variables and vertical levels. This reduced representation

introduces indeterminacy in the relationship and makes the mapping from inputs to waked power fields inherently uncertain.

For planning-stage applications, where decisions depend on both expected performance and associated risks, it is therefore
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important to complement deterministic predictions with uncertainty estimates. Generative models, such as diffusion models,60

provide a flexible framework for probabilistic modelling of wind power fields by producing multiple predictions from the

conditional distribution, forming ensembles that reflect predictive uncertainty (Zhang et al., 2025).

To this end, we develop diffusion-based probabilistic surrogate models that learn the conditional distribution of layout-

dependent power fields. We consider conditional denoising diffusion probabilistic model (DDPM) (Ho et al., 2020; Song et al.,

2020), which have recently shown strong performance in conditional generation of atmospheric fields (Ling et al., 2024; Price65

et al., 2024). In addition, a residual diffusion formulation in considered, in which the diffusion model is trained to represent the

residual between the true power field and a deterministic prediction. This approach allows the probabilistic model to focus on

learning corrections to the deterministic surrogate rather than modelling the full field directly, and has been shown to improve

bias control and calibration in related applications (Yu et al., 2024; Chen and Gao, 2025; Mardani et al., 2025).

1.1 Intent of Study70

This study develops layout-conditioned surrogate models for wind power prediction using paired free-stream and waked WRF

simulations over a single domain. High-resolution free-stream WRF simulations without turbines, together with 12 layout-

dependent WRF-WFP simulations, are used to learn the corresponding spatial wind power fields over a typical meteorological

year (TMY). By pairing free-stream and waked simulations at the same resolution, the framework isolates turbine-induced wake

effects under realistic mesoscale forcing while avoiding confounding from downscaling errors. The task is therefore formulated75

as learning the layout-dependent wake response conditioned on background atmospheric flow, rather than as atmospheric

downscaling.

Within this framework, the goal is to develop a surrogate framework capable of emulating layout-dependent wake responses

for practical use in regional planning. We approach this in two phases. In the first, we develop a deterministic U-Net as a spatial

surrogate for predicting layout-conditioned power fields from free-stream atmospheric covariates and turbine configurations.80

The U-Net serves not just as a final model but as a diagnostic platform: we systematically examine the role of different

atmospheric predictors, the sensitivity of results to the choice of predictand, the effect of training set size, and the selected

loss function (L1 or L2). The aim is to establish what a sound deterministic surrogate requires before introducing additional

complexity. In the second phase, we build on these lessons to develop diffusion-based probabilistic surrogates that generate

ensembles of predictions and quantify model uncertainty. We evaluate both a standard conditional diffusion formulation and a85

residual diffusion variant that learns corrections to the U-Net prediction rather than the full power field directly. This residual

approach concentrates the probabilistic model’s capacity on correcting the deterministic surrogate rather than modelling the

full power field directly, which is important for bias control in risk-aware planning decisions. Together, the two phases yield a

framework designed with deployability in mind, balancing predictive accuracy, training and inference cost, and robustness to

unseen layouts.90

The remainder of the paper is organized as follows. Section 2 presents the proposed models. Section 3 describes the data

and preprocessing procedures. Section 4 first reports the deterministic U-Net results together with a sensitivity analysis of the
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deterministic surrogate, and then presents the results for the diffusion-based models. Finally, Section 5 concludes the paper and

discusses future work.

2 Models95

2.1 Problem formulation

We model the waked wind power field over a fixed spatial domain on an H×W WRF grid, where H and W are the numbers of

grid cells along the two spatial grid axes, respectively. Let x ∈ RC×H×W denote the free-stream atmospheric covariates from

WRF simulations without turbines, where C is the number of atmospheric input variables used for surrogate modelling. Let

ℓl ∈ R1×H×W denote a layout encoding for l ∈ {1, . . . ,L} layouts over the grid. Since capacity is spatially sparse, we define100

the corresponding binary mask ml ∈ {0,1}1×H×W that identifies active wind farm grid cells:

ml,ij = I [ℓl,ij > 0] , i= 1, . . . ,H, j = 1, . . . ,W. (1)

All training losses are evaluated only on masked grid cells having positive capacity to avoid learning from regions with no

installed capacity. The learning target is the corresponding layout-dependent wind power field yl ∈ R1×H×W from WRF-

WFP simulations.105

A deterministic surrogate learns a function fθ such that

ŷl,det = fθ(x,ℓl), (2)

which produces a single prediction for layout ℓl given the conditioning inputs . Under L1 or L2 loss, this prediction approxi-

mates the conditional central tendency, corresponding respectively to the conditional median or conditional mean.

For probabilistic modelling, the goal is instead to learn the conditional distribution110

p(yl | x,ℓl), (3)

which describes the layout-conditioned power response given atmospheric conditions x and layout ℓl. In contrast to a deter-

ministic surrogate that produces a single point prediction, a probabilistic model generates multiple predictions by sampling

from the learned conditional distribution. A set of K ensemble samples can then be generated from the learned conditional

distribution:115

ŷ
(k)
l ∼ pθ(yl | x,ℓl), k = 1, . . . ,K. (4)

2.2 Deterministic U-Net Emulator

We first construct a deterministic surrogate using an encoder–decoder architecture based on U-Net. The model takes the con-

catenated conditioning input [x,ℓl] and predicts a spatially structured power field ŷl,det at the same resolution. Figure A1

illustrates the model architecture.120
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The deterministic surrogate is a fully convolutional U-Net composed of residual blocks with RMS normalization and sigmoid

linear unit (SiLU) activations. Spatial resolution is reduced through successive 2× downsampling operations implemented by

space-to-depth rearrangement followed by 1×1 convolutions. Linear attention is applied at the shallower resolutions, whereas

full self-attention is used at the deepest scale and bottleneck to capture longer-range spatial dependencies. The decoder mirrors

the encoder, using bilinear upsampling and skip connections to restore spatial resolution while preserving fine-scale features.125

The U-Net model is trained by minimizing an Lp loss,

Ldet(θ) = EℓEyl

{
1

Nl

∥∥ml ⊙ (yl − ŷl,det)
∥∥p
p

}
, (5)

where ⊙ denotes the Hadamard (element-wise) product and Nl =
∑H

i=1

∑W
j=1ml,1ij is the number of nonzero-capacity grid

cells under layout ℓl. In this study, we consider both p= 1 and p= 2, corresponding to L1 and L2 training, respectively. These

losses target different measures of the conditional distribution over active grid cells, where L1 training estimates the conditional130

median and L2 training estimates the conditional mean. Accordingly, the deterministic U-Net provides a flexible surrogate that

can be used either as a direct point predictor or as the mean component in the residual diffusion formulation.

In preliminary experiments, the L1 objective consistently gave smaller deterministic errors, making it the stronger choice

for direct point prediction. However, an L2-trained U-Net is also required in the residual diffusion formulation, where it serves

as the mean predictor used to define the residual field. For this reason, both L1 and L2-trained U-Net models are considered135

and compared in this study.

2.3 Probabilistic Diffusion Models

2.3.1 Conditional Diffusion Model

U-Net provides an efficient point emulator of the paired free-stream-to-waked mapping but does not directly quantify predictive

uncertainty. To model predictive uncertainty, diffusion models are well suited because they can learn complex conditional140

distributions and generate ensembles from them. We adopt a conditional denoising diffusion probabilistic model (DDPM) (Ho

et al., 2020), which learns the conditional distribution by gradually corrupting the data with Gaussian noise and training a

neural network to reverse this noising process. Mathematically, the forward noising process defines a discrete Markov chain

over index s ∈ [0,S]:

q(yl,s | yl,s−1) =N
(
yl,s;

√
1−βsyl,s−1,βsI

)
, (6)145

where {βs}Ss=1 is a predefined linear noise schedule. Letting ᾱs =
∏s

t=1(1−βt), the equivalent closed-form expression for

the noisy sample is

yl,s =
√
ᾱsyl,0 +

√
1− ᾱsϵ, ϵ∼N (0,I), (7)

where yl,0 ≡ yl.
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The reverse-time generative process is parameterized by a neural network conditioned on atmospheric covariates x and150

layout ℓl, given by

pθ(yl,s−1 | yl,s,x,ℓl). (8)

In this study, conditioning is implemented by concatenating [x,ℓl] with the noisy sample yl,s along the channel dimension, to-

gether with a learned embedding of the diffusion step s. The denoiser backbone uses the same U-Net model as the deterministic

emulator, augmented with time embeddings of the denosing steps.155

Rather than considering prediction error ϵ (noise prediction) or clean prediction yl,0, we train the denoiser using the v-

prediction parameterization (Salimans and Ho, 2022), which improves training stability and is better suited for few-step sam-

pling with fast solvers. This parameterization leads a reparameterization of the denoising target as a linear combination of

(yl,0,ϵ):

vl,s =
√
ᾱsϵ−

√
1− ᾱsyl,0. (9)160

The denoising network outputs v̂θ(yl,s,s,x,ℓl) and is trained with

Lv(θ) = EℓEs,yl,0,ϵ

[
ᾱs

Nl
∥ml ⊙ [vl,s − v̂θ(yl,s,s,x,ℓl)]∥22

]
, (10)

with s sampled uniformly from [1,S]. Without masking, this objective is equivalent to the original noise-prediction loss (Ho

et al., 2020) up to a linear reparameterization between ϵ and v, with the weighting factor ᾱs ensuring consistency between the

two parameterizations (Hang et al., 2023).165

At inference time, ensemble members are generated by numerically solving the reverse-time dynamics starting from Gaus-

sian noise. We employ the DPM-Solver++(2M) sampler (Lu et al., 2025) with 20 sampling steps. This method is a second-order

multi-step solver designed for fast sampling in a log signal-to-noise ratio parameterization. Repeated sampling yields an en-

semble {ŷ(k)
l }Kk=1 approximating pθ(yl | x,ℓl). Since wind power is physically meaningful only at active wind farm grid cells,

we additionally enforce the spatial mask ml by fixing zero-capacity grid cells to zero at each solver step.170

2.3.2 Residual Diffusion Model

To improve bias control and calibration, we further consider residual diffusion (Mardani et al., 2025). Let ŷl,L2 denote the

deterministic prediction from an auxiliary U-Net trained separately with an L2 loss. The residual field is then defined as

rl = yl − ŷl,L2 . (11)

Instead of modelling yl directly, we train a conditional diffusion model that approximates the residual distribution via175

pθ(rl | x,ℓl). (12)

Because the auxiliary deterministic model is trained with L2 loss, ŷl,L2
approximates the conditional mean, so the residual

field primarily represents the remaining unresolved variability. As a result, the residual formulation typically yields a lower-

variance target distribution. Empirically, this often simplifies the conditional distribution, making p(rl | x,ℓl) easier to learn

than p(yl | x,ℓl) (Mardani et al., 2025).180
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At inference, we sample a set of K ensemble members r̂(k)l using the same diffusion setup as above and reconstruct the final

ensemble prediction as

ŷ
(k)
l,r = ŷl,L2

+ r̂
(k)
l , k = 1, . . . ,K. (13)

This decomposition allows the diffusion model to focus on modelling corrections to the deterministic predictor rather than

the full target field. We adopt the same diffusion framework as in DDPM to model the residuals and refer to this variant as185

DDPM-Res.

3 Data preparation

This study uses a paired simulation dataset generated by high-resolution WRF (version 4.6.1) over an anonymized domain in

mid-latitude North America. A three-level nested domain configuration with horizontal grid of spacing of 9 km, 3 km, and 1

km is employed, where the innermost 1 km domain covers the wind farm region of interest. The simulations are forced using190

ERA5 reanalysis data at 3-h intervals. The physical parameterizations used in the WRF simulations are summarized in Table 1.

This paired design uses free-stream WRF and WRF-WFP simulations at the same spatial resolution, with the learning target

defined as the corresponding layout-dependent wind power response from the WRF-WFP simulations.

Table 1. Physical parameterization schemes used in the WRF simulations (version 4.6.1).

Model component Configuration

Radiation (shortwave and longwave) RRTMG radiation scheme (Iacono et al., 2008)

Planetary boundary layer MYNN level-2.5 turbulence closure (Nakanishi and Niino, 2004, 2009)

Surface layer Revised MM5 Monin–Obukhov similarity scheme (Jiménez et al., 2012)

Land surface processes Noah land surface model (Chen and Dudhia, 2001)

Deep convection Kain–Fritsch cumulus parameterization (Kain and Fritsch, 1990; Kain, 2004)

Cloud microphysics WRF Single-Moment 3-class microphysics (Hong et al., 2004)

Wind farm parameterization Fitch wind farm scheme (Fitch et al., 2012), with TKE generation factor set to 1.0

A baseline free-stream WRF simulation without turbines is paired with 12 WRF-WFP waked simulations corresponding to

the layout scenarios shown in Fig. 1. These scenarios are designed to reflect a realistic regional planning setting rather than195

random perturbations of a single layout. In practice, a developer seeks to evaluate new wind farm proposals within a region that

already contains existing and in-construction farms. In this context, it is important to assess both (i) how existing farms affect

the production of proposed layouts, and (ii) how the proposed layouts, in turn, impact the performance of existing assets, for

example in the context of inter-farm wake interactions and potential compensation agreements.

To capture this two-way interaction, the simulation set is constructed around a baseline configuration representing the ex-200

isting farms (Scenario 1) and an extended configuration including existing and in-construction farms (Scenario 2). For each
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Figure 1. Layouts of the 12 study scenarios, including existing and existing-plus-construction baselines (Scenarios 1 and 2) and paired

proposed-farm layouts in standalone and combined multi-farm settings (Scenarios 3–4, 5–6, 7–8, 9–10, and 11–12). Scenarios 1–10 are used

for training, while Scenarios 11 and 12 are reserved for validation. Spatial coordinates are anonymized while preserving relative separation,

and domains are shown in arbitrary orientations for confidentiality.

proposed wind farm layout, we then generate paired scenarios consisting of (i) the proposed farm in isolation and (ii) the pro-

posed farm combined with the existing and in-construction farms (e.g., Scenario 3 vs. 4). Repeating this construction across

multiple proposed layouts (Scenarios 5, 7, 9, and 11) yields a collection of paired scenarios that explicitly encode both direc-

tions of wake interaction between proposed and existing farms. This pairing strategy allows the surrogate model to learn how205

wake effects propagate across layouts under realistic multi-farm configurations, rather than treating each layout independently.
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For model development, Scenarios 1–10 are used for training, while Scenarios 11 and 12 are reserved for evaluation. The

spatial distribution of wind farm grid cells, coloured by farm, is shown in Fig. B1 (see Appendix B).

All scenarios are produced on the same spatial grid and time axis, with 1 km× 1 km horizontal resolution and 10-min

temporal resolution over a TMY, yielding 52,560 samples per simulation. The TMY is constructed following Xia et al. (2025),210

where for each calendar month, a representative year is selected from 2000-2024 ERA5 data at the domain centre by minimizing

a normalized Wasserstein distance between each candidate month and the long-term distribution of 100 m wind speed and

direction and 2 m temperature.

A variety of wind-related atmospheric variables are used as covariates extracted from the free-stream WRF run, as shown in

Table 2. The baseline covariates include hub-height (100 m) wind speed and wind direction, with direction represented by sine215

and cosine encoding. Additional wind levels at 80 m and 120 m are also considered. Beyond wind, we consider hub-height air

density and turbulent kinetic energy, as well as the potential temperature gradient between 200 m and 20 m. These covariates

are concatenated channel-wise to form the atmospheric input tensor. Land surface elevation, normalized to [0,1], is included as

an additional static covariate. All continuous covariates are standardized to have zero mean and unit variance, except the sine

and cosine direction channels which are already bounded in [−1,1].

Table 2. Atmospheric and static covariates used as model inputs. Wind direction is encoded by its sine and cosine components.

Covariate Height / representation

Wind speed 80 m, 100 m, 120 m

Wind direction 80 m, 100 m, 120 m; sine and cosine

Air density 100 m

Turbulent kinetic energy 100 m

Potential temperature gradient 200 m – 20 m

Elevation Static; normalized to [0,1]

Layout encoding Normalized installed capacity map

220

The layout encoding ℓ is defined as the normalized installed capacity map on the WRF grid. Given the turbines’ locations

for each scenario, each turbine is assigned to its nearest WRF grid cell and the installed capacity in a grid cell is then computed

by summing the rated capacities of all turbines assigned to it. To obtain ℓ, the resulting capacity map is normalized by a global

reference capacity Pmax = 20 MW, chosen to be comfortably above the maximum installed capacity within any single grid

cell across all scenarios. From the same capacity grid we derive the binary farm mask mℓ that identifies active wind farm grid225

cells to which the loss, sampling, and evaluation are restricted. Both ℓ and mℓ are invariant in time within a scenario but vary

across scenarios.

The learning target is the layout-dependent wind power field from WRF-WFP simulations. For deterministic U-Net mod-

els, we consider two representations: globally normalized wind power (WP), normalized by Pmax, and capacity factor (CF),

normalized by the maximum capacity at each grid cell. CF is attractive because it removes variation in absolute power arising230
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only from differences in installed capacity across layouts, so the target more directly reflects production efficiency under the

local flow and wake conditions. This can simplify the learning problem within a single domain when turbine type and installed

capacity are similar. However, CF also removes information about absolute production scale, which becomes important when

comparing farms of different sizes or extending the framework across heterogeneous domains or turbines. Moreover, because

CF is normalized by the layout-specific maximum capacity, typical operating values are concentrated closer to the upper bound-235

ary of [0,1], making additive residual corrections more prone to artifacts near this effective ceiling. Normalizing by the global

reference capacity Pmax instead keeps most grid cell values away from this upper limit, giving the residual model more room

to operate. For these reasons, both WP and CF are considered for deterministic U-Net models under L1 loss, whereas diffusion

models are trained only on WP. In addition, an L2 trained U-Net using WP is included for the DDPM-Res formulation to

provide the mean predictor for defining the residual field. For clarity, the surrogate models considered in this study and their240

corresponding target representations are summarized in Table 3.

Table 3. Summary of surrogate models and target representations.

Model name Response Training target Loss / objective Output

U-Net-WP-L1 WP yl L1 loss Point prediction

U-Net-CF-L1 CF yl L1 loss Point prediction

U-Net-WP-L2 WP yl L2 loss Point prediction

DDPM WP yl Diffusion (v-prediction) ŷ
(k)
l

‡

DDPM-Res WP rl
† Diffusion on residuals ŷl,L2 + r̂

(k)
l

‡

†rl = yl − ŷl,L2
, where ŷl,L2

denotes the prediction from U-Net-WP-L2.
‡k = {1, . . . ,K}.

Within each training scenario, time steps are randomly split into 80% training, 10% validation, and 10% testing, with only

the training split used for model fitting. For withheld scenarios, results are evaluated on all time steps unless otherwise noted.

Model performance across these data splits for all scenarios is reported in Appendix C.

All deep-learning models are trained on 4 NVIDIA H100 GPUs, with training taking approximately 8 hours for U-Net and245

52 hours for the diffusion models. Inference on a single H100 GPU takes about 5 minutes per scenario for the U-Net and about

14 hours for the diffusion models to generate 10 ensemble members. For comparison, a 3-day WRF-WFP simulation on this

domain required about 4 hours on a single H100 GPU or on 16 vCPUs. This corresponds to a total runtime of approximately

488 hours (20 days) for the full TMY on a single H100, or about 122 hours (5 days) when distributed across 4 H100 GPUs.

Once trained, the U-Net reduces full-TMY inference time by a factor of roughly 1,500 relative to direct WRF-WFP simulation250

run across 4 H100 GPUs, while even the more computationally demanding diffusion model ensemble achieves a speedup of

approximately 9×.
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4 Results

We evaluate the proposed models on two withheld scenarios not used during training: Scenario 11 (single-farm extrapolation)

and Scenario 12 (multi-farm configuration). All metrics are computed over “active" grid cells that contain one or more wind255

turbines. In Section 4.1, we first evaluate the deterministic U-Net variants, namely U-Net-WP-L1, U-Net-CF-L1, and U-Net-

WP-L2, followed by a sensitivity analysis examining the effects of target representation and several modelling choices.

In Section 4.2, we then evaluate the diffusion models DDPM and DDPM-Res using 10 ensemble members. Probabilistic

performance is assessed using fair Continuous Ranked Probability Score (CRPS) (Ferro, 2013), empirical ensemble coverage,

rank histograms, spread–skill relationships, and farm-level uncertainty summaries.260

4.1 Deterministic U-Net Models

4.1.1 Grid-Level Accuracy

Table 4 summarizes the performance for the two withheld layouts, computed over active wind turbine grid cells. For both

scenarios, all three models achieve relatively small deterministic errors, with absolute bias below 0.02 MW, MAE below 0.1

MW, and RMSE below 0.28 MW. The percentages in parentheses contextualize these errors relative to the scenario-specific265

mean true power over active wind farm grid cells. On this scale, absolute bias remains below 0.5%, MAE below 4%, and

RMSE below 10% for all models in both scenarios.

Table 4. Deterministic error (MW) on withheld scenarios for U-Net models. The percentages in parentheses are the corresponding relative

errors, expressed relative to the scenario-specific mean true power over active wind farm grid cells.

Scenario 11 Scenario 12

Model Bias MAE RMSE Bias MAE RMSE

U-Net-WP-L1 -0.004 (-0.12%) 0.081 (2.72%) 0.272 (9.13%) 0.005 (0.18%) 0.071 (2.76%) 0.232 (8.97%)

U-Net-CF-L1 -0.009 (-0.29%) 0.074 (2.48%) 0.268 (9.01%) 0.005 (0.19%) 0.066 (2.56%) 0.230 (8.90%)

U-Net-WP-L2 -0.013 (-0.45%) 0.091 (3.07%) 0.276 (9.27%) 0.000 (0.00%) 0.082 (3.19%) 0.235 (9.08%)

In terms of systematic error, biases are generally small, indicating limited systematic over- or underprediction. In Sce-

nario 11, all models exhibit slight negative bias, whereas in Scenario 12 the biases are near zero overall. Among the U-Net

variants, the L1-trained models consistently achieve lower MAE and slightly lower RMSE than the L2 model in both withheld270

scenarios. Between the two L1 models, using CF as the target yields slightly lower MAE and RMSE than using WP in both

scenarios, while both retain very small mean bias. This suggests that CF simplifies the learning problem in this single domain

setting by removing variation due to installed capacity, allowing the model to focus more directly on layout-induced wake

effects.
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4.1.2 Farm-Level Accuracy275

While grid cell-level performance is informative, planning-stage decisions are typically made at the wind farm scale, where

stakeholders care about the layout-induced impact on annualized farm production. Accordingly, we also evaluate farm-wise

relative error defined as

relative error (%) = 100× P̂ −P

P
, (14)

where P̂ is the predicted total power and P is the true total power. Table 5 reports farm-wise relative error for the withheld280

scenarios. Scenario 11 contains a single wind farm (Farm A), whereas Scenario 12 contains eight farms (Farms 1–8), with

Farm 5 corresponding to the same physical site as Farm A in Scenario 11. For confidentiality reasons, we can not disclose

which turbines in Scenario 12 correspond to which assigned wind farm.

Table 5. Farm-wise relative error (%) on the withheld scenarios for the U-Net models. Negative values indicate underprediction and positive

values indicate overprediction.

Scenario 11 Scenario 12

Model Farm A† Farm 1 Farm 2 Farm 3 Farm 4 Farm 5† Farm 6 Farm 7 Farm 8

U-Net-WP-L1 -0.12 0.06 0.39 0.26 0.25 -0.31 0.23 0.21 0.29

U-Net-CF-L1 -0.29 0.21 0.33 0.09 0.26 -0.23 0.27 0.24 0.28

U-Net-WP-L2 -0.45 0.56 0.11 -0.64 -0.14 -0.86 0.35 0.20 0.28

† Farm 5 in Scenario 12 represents the same physical farm as Farm A in Scenario 11, but under a combined layout that includes existing and

in-construction farms.

At the farm scale, all three U-Nets show small relative errors overall. In Scenario 11, all models slightly underpredict annual

farm power, with U-Net-WP-L1 closest to zero. The small negative bias may be related to the fact that Farm A has lower285

installed capacity than the corresponding layout seen during training. Although the site itself is represented in Scenario 9, the

Scenario 11 layout contains fewer turbines and therefore differs in both capacity and spatial configuration. This shift may cause

the model to slightly underpredict production for the withheld layout and makes the case less well aligned with the training

examples.

In Scenario 12, the two L1-trained models maintain small relative errors across all farms, whereas U-Net-WP-L2 show290

somewhat larger deviations at several sites, most notably Farms 1, 3, and 5. The largest deviations across both withheld

scenarios occur at Farm A in Scenario 11 and the corresponding Farm 5 in Scenario 12, suggesting that this shared site is

more difficult to emulate accurately under changing layout context. Overall, the L1-trained U-Net models provide the most

consistent farm-level agreement.

For completeness, additional farm-wise comparisons are provided in Section E1. Figs. E1 to E4 show scatter plots of pre-295

dicted versus true spatially aggregated farm power for each model and farm at 10-minute timescales, further demonstrating the

high accuracy of the U-Net models.
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4.1.3 Spatial Error Patterns

Figure 2 shows the mean bias for Scenarios 11 and 12, computed at each grid cell as predicted minus truth. These maps

show where in the domain each model tends to over- or underpredict, and provide a spatial diagnostic complementary to300

the aggregated metrics reported above. For both layouts, error patterns differ between models, indicating location-dependent

strengths and weaknesses. Consistent with the lower deterministic errors reported in Table 4, the L1-trained models generally

exhibit smaller bias than the L2 model. In Scenario 12, the most spatially coherent errors occur around Farm 5, consistent

with the greater difficulty of this withheld layout discussed above. Overall, these diagnostics suggest that the withheld scenario
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Figure 2. Ground-truth mean WRF power and mean bias fields for the U-Net models under (a) Scenario 11 and (b) Scenario 12. Reference

lines mark the grid cell with the highest installed capacity used for the time-series analysis. A subset of the corresponding time series is

shown in Fig. 8 and Fig. 9 for Scenario 11 and Scenario 12, respectively.

errors depend on the scenario design. Scenario 11 represents the proposed farm in isolation, whereas in Scenario 12 the same305

site is embedded in a combined layout with existing and in-construction farms. Errors are somewhat larger in Scenario 11,

indicating that the standalone case is harder to emulate than the corresponding combined-layout case. This differs from the

pattern observed within the training scenarios (see Table C1 in Appendix C), where multi-farm configurations tend to be more

challenging. As a temporal robustness check, Table C1 also reports results separately for the training, validation, and test splits.
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To summarize, the deterministic U-Net provides strong predictive performance across both withheld scenarios, with low310

errors at both the grid cell and aggregated wind farm scales and small systematic bias. Even under layout extrapolation, the

model captures the main spatial structure of waked power fields and preserves aggregated farm-level production with high

accuracy. Given its much lower computational cost than WRF-WFP, the U-Net provides a practical surrogate for layout-

conditioned power prediction in planning-stage analysis.

4.1.4 Sensitivity Analysis315

Next, we use a U-Net-based sensitivity analysis to examine how several modelling choices affect deterministic surrogate

performance. Since L1 gave the best deterministic performance above, all models in this analysis are trained with L1. The

analysis assesses the importance of training diversity (i.e., number of scenarios modelled), wind representation, and additional

atmospheric variables. To isolate the effect of these design choices, we perform a one-factor-at-a-time sensitivity analysis

varying four components:320

1. Number of training scenarios: 4, 6, 8, and 10.

2. Target representation: normalized wind power (Power) vs. capacity factor (CF),

3. Wind encoding: vector components (UV) vs wind speed and direction using sine and cosine (WSA), and

4. Additional covariates beyond the baseline 100 m winds:

(a) air density at 100 m (AD),325

(b) turbulent kinetic energy at 100 m (TKE),

(c) potential temperature gradient between 200 m and 20 m (PTG),

(d) additional wind levels at 80 m and 120 m (Winds (80 & 120 m)).

All models in this sensitivity analysis are evaluated on the withheld Scenarios 11 and 12. Figure 3 summarizes the effect of

the number of training scenarios on MAE under different target and wind-encoding choices. Across all configurations, MAE330

on withheld scenarios generally decreases as more training scenarios are included, with a small uptick at 8 scenarios for the

Power and WSA setting. Crucially, we observe that model error does not plateau with the added scenarios, suggesting higher

accuracy could still be achieved by training on additional diverse scenarios. Models trained on capacity factor consistently

outperform those trained directly on power, and, within each target representation, wind speed with sine and cosine direction

encoding yields lower errors than using wind vector components. The combined effect is most pronounced when both CF and335

WSA are used, achieving the lowest MAE across all training sizes.

In terms of output representation, although WP is better suited to modelling across heterogeneous domains, the sensitivity

analysis shows that CF can yield lower MAE than WP in the present single domain setting. This suggests that, within a

single domain containing farms with similar installed capacities and turbine types, CF can be a better target for deterministic
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Figure 3. MAE as a function of the number of training scenarios, comparing target representations (CF vs. Power) and wind encodings (UV

vs. WSA). CF results are shown in blue and Power in black; solid and dashed lines denote UV and WSA inputs, respectively.

prediction because the normalization removes simple capacity scaling and lets the model focus more directly on layout-driven340

wake effects.

Figure 4 reports the relative MAE change when adding additional atmospheric covariates to the 100 m wind-only baseline.

Most additions reduce MAE, but the absolute improvements are small, on the order of 10−3–10−2 MW, indicating only limited
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Figure 4. Relative MAE Change From the 100 m Wind-Only Baselines for Each Configuration With Additional Atmospheric Covariates

incremental benefit from the added atmospheric variables in this single domain setting. TKE and the additional wind levels

(80 and 120 m) provide the most consistent improvements, whereas PTG and AD show weaker and less uniform effects across345

targets and wind encodings. Relative improvements are generally larger under UV than WSA, which is consistent with the

lower baseline MAE of the WSA models and therefore their reduced room for further improvement. Only the Power with
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WSA configuration shows slight degradation when adding the 80 m & 120 m wind levels, with an increase in MAE by just

0.0012 MW.

The differences across added covariates are modest and may be comparable to variability from from model stochastic350

training, such as random initialization and minibatch ordering. Thus, relative metrics can exaggerate their practical importance

when baseline errors are already low. The limited sensitivity may reflect the single-domain design, where all scenarios share

the same underlying meteorological conditions, and larger gains may be more likely in extensions to multiple domains with

more diverse atmospheric regimes. Nevertheless, all additional covariates are retained in the main model comparisons, as they

are physically relevant and do not degrade performance.355

4.2 Probabilistic Diffusion Models

Moving beyond deterministic surrogates, we next evaluate the diffusion-based models. Since these models produce predictive

distributions rather than single point estimates, deterministic metrics computed from the ensemble mean alone do not fully

characterize performance. We therefore assess both deterministic and probabilistic skill.

4.2.1 Distributional Accuracy and Coverage360

Table 6 summarizes deterministic and probabilistic metrics for the withheld scenarios. In terms of deterministic performance,

Table 6. Error metrics on withheld scenarios for diffusion models. Bias, MAE, and RMSE are reported in MW. Fair CRPS and empirical

ensemble coverage are evaluated using 10 ensemble members.

Scenario 11

Model Bias MAE RMSE CRPS Coverage

DDPM -0.036 (-1.20%) 0.103 (3.44%) 0.266 (8.94%) 0.075 76.8%

DDPM-Res -0.023 (-0.78%) 0.084 (2.81%) 0.267 (8.96%) 0.068 53.7%

Scenario 12

Model Bias MAE RMSE CRPS Coverage

DDPM -0.019 (-0.75%) 0.088 (3.41%) 0.224 (8.65%) 0.061 82.7%

DDPM-Res -0.001 (-0.03%) 0.072 (2.80%) 0.231 (8.94%) 0.054 74.7%

the ensemble means of both diffusion models achieve errors of similar magnitude to the U-Net. Absolute bias remains below

0.04 MW, MAE below 0.11 MW, and RMSE below 0.28 MW in both scenarios. Relative errors remain below 1.3% for bias,

4% for MAE, and 9% for RMSE. Compared with the U-Net results reported earlier, the diffusion models show somewhat larger

negative bias and slightly higher MAE, but comparable or slightly lower RMSE. This pattern suggests that diffusion models365
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tend to reduce large errors while introducing more moderate deviations overall, likely because ensemble averaging smooths

predictions, damping extremes at the expense of sharpness.

Comparing the two diffusion models, DDPM-Res achieves lower bias, MAE, and CRPS than DDPM in both scenarios, while

maintaining similar RMSE. By contrast, DDPM attains higher empirical coverage, reflecting its broader predictive distribu-

tions. This indicates a trade-off between sharpness and dispersion: DDPM-Res produces sharper and more accurate predictions,370

whereas DDPM yields wider ensembles that more often contain the truth. Coverage is higher in Scenario 12 than in Scenario 11

for both models, a pattern that is also consistent across the training, validation, and test subsets reported in Table C2 in Ap-

pendix C. More broadly, CRPS and coverage reflect different aspects of probabilistic performance: sharper ensembles may

achieve lower CRPS yet remain underdispersed, whereas broader ensembles may attain higher coverage at the expense of

resolution.375

4.2.2 Farm-Level Accuracy

At the farm level, Table 7 shows that the largest deviations for the diffusion models occur at Farm A in Scenario 11 and the

corresponding Farm 5 in Scenario 12, indicating that this shared site is the most difficult for both the U-Net and diffusion

models under both standalone and multi-farm configurations. In Scenario 11, both diffusion models underpredict total power,

with DDPM-Res errors closer to zero. In Scenario 12, DDPM shows systematic underprediction across all farms, whereas380

DDPM-Res errors remain closer to zero for most farms, with a notable negative bias persisting at Farm 5.

Table 7. Farm-wise relative error (%) on the withheld scenarios for diffusion models. Negative values indicate underprediction and positive

values indicate overprediction.

Scenario 11 Scenario 12

Model Farm A† Farm 1 Farm 2 Farm 3 Farm 4 Farm 5† Farm 6 Farm 7 Farm 8

DDPM -1.20 -0.53 -0.70 -0.83 -0.46 -1.39 -0.77 -0.68 -0.70

DDPM-Res -0.78 0.08 0.20 0.06 0.02 -1.10 0.22 0.05 0.04

† Farm 5 in Scenario 12 represents the same physical farm as Farm A in Scenario 11, but under a combined layout that includes existing and

in-construction farms.

Although DDPM-Res does not exhibit a consistent advantage over the deterministic U-Net in farm-level accuracy across the

withheld layouts, it does improve accuracy for some farms in Scenario 12, where its relative errors are closer to zero. U-Net,

however, performs better in Scenario 11 and remains more accurate at the most difficult shared sites such as Farm A and

Farm 5. Further farm-level comparisons are reported in Section E2. Figures E5 to E7 display scatter plots of predicted versus385

true spatially aggregated power for each farm and model.
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Figure 5. Ground-truth mean WRF power and mean bias fields for DDPM and DDPM-Res under (a) Scenario 11 and (b) Scenario 12.

Reference lines mark the grid cell with the highest installed capacity used for the time-series analysis. A subset of the corresponding time

series is shown in Fig. 8 and Fig. 9 for Scenario 11 and Scenario 12, respectively.

4.2.3 Spatial Error Patterns

Figure 5 shows the mean bias for the diffusion models on withheld scenarios. Similar to the U-Net results, the bias maps reveal

clear location-dependent error patterns, with the most spatially coherent errors concentrated around Farm 5. In Scenario 12,

DDPM exhibits broader and more systematic underprediction, whereas DDPM-Res shows lower-magnitude and more spatially390

localized errors. For both models, the largest deviations remain concentrated around Farm 5, consistent with the farm-level

results and shows the greater difficulty of this site under the multi-farm configuration. The persistence of these errors suggests

that the difficulty arises from changes in the surrounding wake-interaction context, rather than the mere presence of the farm

in the training layouts.

4.2.4 Calibration and Reliability Diagnostics395

Rank histograms provide additional diagnostics of ensemble calibration. Figure 6 presents the rank histograms and corre-

sponding empirical CDFs (ECDF) for DDPM and DDPM-Res. For a well-calibrated ensemble, the rank histogram should be

approximately uniform and ECDF should follow the identity line. Here rank 1 corresponds to the truth value being smaller

than all ensemble members and 11 to truth being greater than all ensemble members.

For Scenario 11, both DDPM and DDPM-Res show clear departures from uniformity, with elevated frequencies at the400

extreme ranks. This indicates that the truth frequently falls outside the ensemble range, consistent with the reduced coverage

reported in Table 6. In Scenario 12, while both diffusion models display non-uniform rank distributions, that of DDPM-Res is

closer to uniform across non-extreme ranks, though peaks at boundary ranks demonstrate that the generated ensembles tend

to be too narrow. The corresponding ECDF for DDPM-Res tracks the ideal diagonal line more closely than DDPM, showing

improved calibration in the sense that the truth more frequently falls with the ensemble range.405
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Figure 6. Rank histograms and empirical cumulative distribution functions (ECDFs) for DDPM (left) and DDPM-Res (right) under (a)

Scenario 11 and (b) Scenario 12.

Across both scenarios, asymmetry of the DDPM rank histograms can also be interpreted as evidence of systematic en-

semble bias relative to the truth, which may partly explain its slightly larger CRPS. Taken together with the lower CRPS for

DDPM-Res, these diagnostics indicate that residual diffusion provides better overall probabilistic performance, particularly

in the multi-farm evaluation, although perfect calibration is not achieved. More broadly, these results show the challenge of

representing uncertainty when generalizing to unseen layouts. This interpretation is also consistent with the validation and test410

results for the training scenarios in Table C2, where probabilistic errors are generally smaller than for the withheld layouts.

We further assess ensemble calibration using spread-skill relationship, which compare ensemble dispersion with the corre-

sponding prediction error. Figure 7 plots the relationship between RMSE and ensemble SD for DDPM and DDPM-Res. The

plots show that DDPM follows the identity line more closely in both scenarios, indicating better consistency between ensemble

spread and realized error. By contrast, DDPM-Res lies systematically above the line, showing the underdispersed ensembles415

and tend to underestimate the true error. This is consistent with the earlier probabilistic diagnostics, where DDPM-Res produces

sharper predictive distributions with lower CRPS but reduced coverage. At the same time, DDPM-Res attains lower RMSE

across most spread bins, showing improved deterministic accuracy despite poorer spread calibration. Together, these results
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Figure 7. Spread–skill relationship for Scenario 11 (left) and Scenario 12 (right).

indicate a trade-off between calibration and sharpness, where DDPM provides better spread-error consistency and DDPM-Res

yields more accurate but less dispersed productions, with the mismatch most evident in Scenario 11.420

4.2.5 Temporal Uncertainty Dynamics

To further examine the temporal behaviour of predictive uncertainty, we show example time series at a representative high-

capacity grid cell during a selected period of the year. Figures 8 and 9 show examples for Scenario 11 and Scenario 12,

respectively.

The top panels show the corresponding wind speed and wind direction encoded as sine and cosine components at 100 m425

height. The lower panels display the ground-truth power output together with predictions for the U-Nets and diffusion models.

For the probabilistic models, the ensemble mean is plotted together with grey bands corresponding to the full ensemble range

across 10 members. These bands represent pointwise uncertainty conditional on the inputs at each time step, as the generative

samples are independent across time and do not capture joint temporal dependence beyond that induced by the conditioning

covariates.430

It is observed that under both scenarios, all predicted trajectories follow the truth closely for much of the selected interval.

The ensemble ranges from DDPM and DDPM-Res are often so narrow that they are effectively indistinguishable from the

deterministic prediction in parts of the plots, especially when wind speed and direction evolve gradually, indicating strong

agreement among ensemble members under relatively steady conditions. The most evident local deviations occur during short

intervals of rapidly varying wind conditions, notably around 09-15 12:00–18:00, 09-16 16:00–21:00, and 09-17 14:00–18:00435

in both scenarios, suggesting that forecast difficulty is associated with rapid changes in the atmospheric states.

The diffusion models are more informative during these rapidly varying intervals. In general, the ensemble spread increases

when the deterministic prediction is less accurate and contracts during quieter periods, indicating that predictive uncertainty

is closely coupled to prediction difficulty. Across both scenarios, DDPM generally produces the broader envelope, whereas
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Figure 8. Time series over a selected interval for the highest-capacity grid cell in Scenario 11 (grid cell location indicated in the top row of

Fig. 2 and Fig. 5). Top: 100 m wind speed and direction encodings. Bottom: truth, U-Net predictions, and diffusion ensemble means; the

grey band shows the min–max 10 realization ensemble range for DDPM and DDPM-Res.

DDPM-Res remains sharper while still expanding during the same episodes. In many cases the truth remains within the ensem-440

ble range, although it occasionally falls outside the range during the most rapidly varying periods, indicating that the generative

models capture meaningful uncertainty without achieving perfect calibration.

To examine these temporal uncertainty patterns more systematically, we next summarize probabilistic performance across

broader time scales. Seasonal diagnostics further illustrate how predictive uncertainty varies across time scales. Figure 10

show monthly-averaged CRPS and ensemble spread, measure in standard deviation (SD), for both scenarios. The monthly445

statistics show a marked seasonal cycle, with both CRPS and ensemble spread generally higher during the summer months
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Figure 9. Time series over a selected interval for the highest-capacity grid cell in Scenario 12 (grid cell location indicated in the bottom row

of Fig. 2 and Fig. 5). Top: 100 m wind speed and direction encodings. Bottom: truth, U-Net predictions, and diffusion ensemble means; the

grey band shows the min–max ensemble range for DDPM and DDPM-Res.

(June–September). This suggests that the fast sub-daily fluctuations associated with increased ensemble range may themselves

have a seasonal dependence. These patterns should, however, be interpreted with caution, since the analysis is based on a TMY

constructed from representative months rather than a continuous physical year. The corresponding diurnal diagnostics show

comparatively weaker variation and are provided in Appendix D (Figure D1).450
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Figure 10. Monthly mean CRPS (left) and ensemble standard deviation (right) under (a) Scenario 11 and (b) Scenario 12.

4.2.6 Farm-Level Uncertainty Bands

To evaluate uncertainty at an operationally relevant scale, we aggregate power predictions to the farm level. For each wind farm,

the spatially aggregated power time series is normalized by the farm-specific maximum true power to allow direct comparison.

Figure 11 summarizes the resulting farm-wise wind power predictions across models. Each deterministic U-Nets provide single

point estimates, whereas diffusion models produce ensembles whose spreads characterize predictive uncertainty. Shaded bands455

represent the ensemble interquartile range (IQR) together with full ensemble range.

Across farms, the ensemble means of DDPM and DDPM-Res remain close to the U-Net predictions, indicating that the

diffusion models largely preserve point prediction skill. The ground truth generally falls within the ensemble ranges, showing

that the probabilistic models capture meaningful farm-level uncertainty, although DDPM-Res shows a small miss at Farm A.

Relative to DDPM, DDPM-Res produces slightly narrower uncertainty bands, consistent with its residual formulation, in which460

the diffusion model focuses on correcting the remaining errors of the deterministic emulator. Farm 5 in Scenario 12 stands out,

with broader uncertainty bands than Farm A in Scenario 11, which may reflect the greater difficulty of this site under the

multi-farm wake-interaction setting.
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Figure 11. Farm-wise comparison of observed and predicted normalized power for the withheld scenarios, with U-Net shown as a determin-

istic prediction and DDPM and DDPM-Res summarized by the ensemble mean, IQR, and range.

Taken together, these results indicate that the main benefit of the diffusion models is probabilistic rather than purely de-

terministic. Although they do not deliver a uniform improvement over U-Net in farm-level aggregated accuracy, they retain465

competitive point predictions while providing ensemble-based uncertainty estimates under unseen layouts. Between the two

diffusion models, DDPM provides better ensemble calibration and spread–skill consistency, whereas DDPM-Res gives slightly

sharper and, in some cases, more accurate mean predictions. Thus, DDPM is preferable when calibrated uncertainty estimates

are the primary goal, while DDPM-Res may be useful when sharper predictions are desired.

5 Conclusion and Discussion470

This work develops layout-conditioned surrogate models for wind power prediction using paired WRF simulations with and

without wind farm parameterization. The results show that CNN-based surrogates can effectively predict spatial power fields

from atmospheric covariates and turbine layout information in the presence of wake effects. The deterministic U-Nets perform

strongly in predicting spatial power fields, showing that layout-dependent wake interactions can be captured through data-

driven spatial regression when trained on physically consistent simulations. Critically, generating results with a trained U-Net475

model was found to be 1,500 times faster than running WRF-WFP directly, removing a key cost barrier for wind energy

stakeholders who need to run dozens of simulations for layout optimization.

Diffusion-based models extend the deterministic emulators by producing ensembles that represent predictive uncertainty.

The resulting uncertainty is adaptive, such that the ensemble spread increases with deterministic error. In particular, the gener-
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ated ensemble is found to be larger when atmospheric covariate changes rapidly and smaller under steadier conditions. While480

diffusion-based surrogates do not uniformly outperform U-Net in deterministic accuracy, they retain comparable predictive

skill while providing additional information about uncertainty.

Within this probabilistic framework, residual diffusion provides an alternative to standard DDPM by leveraging the deter-

ministic U-Net as a baseline and modelling the remaining error structure. This leads to lower MAE, better farm-level bias

control, and lower CRPS compared with DDPM, but not uniformly better probabilistic performance. Instead, the two diffusion485

formulations exhibit a clear trade-off: DDPM produces broader ensembles with better coverage and spread–skill consistency,

whereas DDPM-Res yields sharper and more accurate mean predictions but is somewhat underdispersed.

Overall, these results demonstrate that diffusion-based surrogates can extend strong deterministic emulators by providing

ensemble-based uncertainty estimates. From a practical perspective, these models are well suited for wind farm planning and

layout optimization, enabling rapid evaluation of candidate layouts while also supporting risk-aware decision-making through490

uncertainty quantification.

A key surrogate modelling choice concerns how turbine layouts are represented. In this work, wind turbines are represented

simply as a capacity value per grid cell, which may contain one or more turbines. This representation seems sufficient for

this preliminary analysis which worked with broadly similar turbine types (capacity ranges from 2.3 to 4.5 MW). In reality,

different turbines with their own power and thrust curves, hub heights, and rotor diameters demonstrate very different pow-495

er/wind speed relationships, especially in the core linear part of the power curve. In fact, in ongoing work involving multiple

domains and a much broader range of turbine types (i.e., 0.66 MW to 8 MW), it is observed that this simple representation

becomes insufficient. In such settings, incorporating turbine-specific information such as discrete thrust and power curves, and

extrapolating winds to actual turbine hub heights, more accurately captures wake behaviour across turbine types and domains.

Moreover, different methods for incorporating conditioning information are not explored in this work. Conditioning is im-500

plemented through simple channel-wise concatenation of the inputs. While effective in the current setting, more expressive

conditioning mechanisms, such as feature-wise modulation (Perez et al., 2018), cross-attention (Chen et al., 2021), or classifier-

free guidance (Ho and Salimans, 2022), may improve how layout and atmospheric features influence the prediction process,

particularly in cross-domain settings.

Another important direction is to move beyond a surrogate model trained and applied at a single domain to a generalized505

model that can provide accurate results at an unseen domain. For this work, the single domain was appropriate for an existing

industry partner, who was developing significant wind assets in the region and needed a model highly tuned to these local

conditions. More broadly, wind energy stakeholders are interested in layout optimization and wake analysis across many

different domains, each with unique atmospheric conditions, terrains, and turbine configurations. Therefore, there is value in a

surrogate model trained on multiple domains and which can generalize across unseen domains and layouts. In such cases, high-510

resolution 1-km “free-stream" WRF simulations may not be available, and therefore alternate data sources may be required

(e.g. ERA5, 2-3 km WRF-based wind atlases, etc.). For such applications, we expect the inclusion of additional atmospheric

variables, especially those characterizing atmospheric stability, to be of higher importance than they were in this single domain

analysis. We are currently implementing this multi-domain model and will share results as part of a follow-up paper next year.
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Finally, alternative model architectures may further improve generalization across domains. The current framework relies on515

CNNs that operate on a fixed grid, which align naturally with the gridded atmospheric inputs within a single domain. However,

wind farms span domains of different spatial extent and turbine layouts vary in scale. Graph neural networks (GNN) provide

a flexible representation that is not tied to a fixed grid and can explicitly model turbine-to-turbine interactions under arbitrary

layouts. Therefore, GNN-based surrogates offer a promising direction for improving layout and cross-domain generalization

in heterogeneous wind farm settings.520

Code availability. This study builds on publicly available implementations of diffusion models. Specifically, the U-Net backbone and DDPM

training framework are adapted from https://github.com/lucidrains/denoising-diffusion-pytorch, and sampling is performed using the DPM-

Solver++ implementation from https://github.com/LuChengTHU/dpm-solver. We modify these implementations to incorporate conditional

layout information and a masked loss defined over active wind farm grid cells.
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Appendix A: U-Net Architecture Details525
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Figure A1. Detailed architecture of the deterministic U-Net. The model takes a 14-channel input on a 96× 96 grid and predicts a single-

channel power field at the same resolution. Each encoder level contains three residual blocks followed by attention, with downsampling

implemented by space-to-depth rearrangement and 1× 1 convolutions. Linear attention is used at the shallower resolutions, whereas full

self-attention is used at the deepest resolution and bottleneck. The decoder mirrors the encoder using bilinear upsampling, convolution, and

skip connections, with each scale containing three skip features in the implementation.
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Appendix B: Wind Farm Partitioning Across Scenarios
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Figure B1. Wind farm partitioning across scenarios. Spatial coordinates are anonymized while preserving relative separation and domains

are shown in arbitrary orientations for confidentiality.
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Appendix D: Hourly Probabilistic Performance Diagnostics

(a) Scenario 11
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(b) Scenario 12
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Figure D1. Hourly mean CRPS (left) and ensemble standard deviation (right) under (a) Scenario 11 and (b) Scenario 12.

Appendix E: Additional Farm-Level Prediction Comparisons

E1 Deterministic U-Net Models
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Figure E1. Farm-level scatter plots for Scenario 11 for U-Net models. Each point denotes a 10-min time step, comparing spatially aggregated

predicted and ground-truth power. Text annotations show the annual mean power and the corresponding farm-level relative error.
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Figure E2. Farm-level scatter plots for Scenario 12 for U-Net-WP-L1. Each point denotes a 10-min time step, comparing spatially aggregated

predicted and ground-truth power. Text annotations show the annual mean power and the corresponding farm-level relative error.
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Figure E3. Farm-level scatter plots for Scenario 12 for U-Net-CF-L1. Each point denotes a 10-min time step, comparing spatially aggregated

predicted and ground-truth power. Text annotations show the annual mean power and the corresponding farm-level relative error.
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Figure E4. Farm-level scatter plots for Scenario 11 for U-Net-WP-L2. Each point denotes a 10-min time step, comparing spatially aggregated

predicted and ground-truth power. Text annotations show the annual mean power and the corresponding farm-level relative error.
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Figure E5. Farm-level scatter plot for Scenario 11 for diffusion models. Each point corresponds to a 10-min time step, showing spatially
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error.
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Figure E6. Farm-level scatter plots for Scenario 12 for DDPM. Each point corresponds to a 10-min time step, showing spatially aggregated

predicted power versus true power. Text annotations report the annual-mean power and the resulting farm-level relative error.
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Figure E7. Farm-level scatter plots for Scenario 12 for DDPM-Res. Each point corresponds to a 10-min time step, showing spatially aggre-

gated predicted power versus true power. Text annotations report the annual-mean power and the resulting farm-level relative error.
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