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Abstract

Accurate wind power forecasts are essential for energy management and resource allocation. However, be-
cause of complex weather dynamics and other nonlinearities, it is exceedingly difficult to forecast wind
power on the multi-site level for dozens of wind farms at once. This paper proposes a hybridized ap-
proach that leverages deep learning to predict future forecast errors from physics-based numerical weather
prediction (NWP) model estimates. Utilizing errors from NWP forecasts allows integration of critical at-
mospheric and meteorological dynamics into the forecasting model, and we demonstrate the importance of

post-calibration based on the physics versus pure data-driven wind power prediction. This post-calibration

United States approach is enabled by the inverted Transformer architecture, which efficiently and effectively learns mean-

Department of Mechanical Engineering, ingful wind farm variate representations resulting in accurate spatiotemporal corrections to the forecasts.

University of Michigan, Michigan, United States We also investigate modifying the iTransformer with a new embedding approach, named SpaceEmbed, that

Correspondence explicitly encodes spatial distance information into the network. The proposed approach is validated with a

Corresponding author: Joseph Cohen. case study using real-world data and forecasts from the Electric Reliability Council of Texas (ERCOT) in

Email: joseph.cohen3 @rutgers.edu 2015 for 74 wind farms in Texas at different time scales. Using the high sustained limit as the metric for

power generation, the iTransformer outperforms other state-of-the-art deep learning forecasting methods,

succeeding at the post-calibration task by reducing NWP forecast error by up to 33% on average.
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1 | INTRODUCTION

Electrification in modern society has accelerated demand for clean and renewable sources of energy. Over the last few decades,
wind energy has emerged as a potent and reliable alternative, with China and the United States accounting for over 50% of
the global cumulative wind capacity as of 2020 (Wang et al. 2021c). Accurate wind forecasting is essential for utilities’ energy
management and allocation, with massive economic implications. For example, a recent study estimated that National Oceanic
and Atmospheric Administration (NOAA)’s High Resolution Rapid Refresh (HRRR) wind forecasts have saved consumers
approximately $150 million USD on energy every year (Jeon et al. 2022). As stated in a technical report for the National
Renewable Energy Laboratory (NREL), the economic benefits from improving short-term wind power forecasts such as those
provided by the Electric Reliability Council of Texas (ERCOT) can lead to further savings for load payments and energy
imbalance payments (Orwig et al. 2012).

Wind power generation relies on several dynamic meteorological factors such as wind speed, wind direction, humidity, tem-
perature, and other nonlinearities; as a result, wind power forecasting remains a challenging and active area of research (Ding
2019, Byon et al. 2016, You et al. 2017). Classically, many wind power forecasting approaches have been on the turbine level,
with more recent work attempting to forecast on the wind farm level (Wang et al. 2021c). Forecasting techniques can be cat-
egorized as statistical, physics-based, machine learning, or hybrid approaches (Wang et al. 2021a). Statistical methods such
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as autoregressive integrated moving average (ARIMA) have been popular for time series forecasts, especially on short time
scales (Eldali et al. 2016). On the other hand, physics-based numerical weather prediction (NWP) models focus on solving the
governing partial differential equations, and have become standard tools for resolving complex weather dynamics and predicting
wind speed and power, with potential for accurate longer term forecasts (Wang et al. 2011).

Machine learning, especially deep learning, has become exceedingly popular for time series forecasting problems in recent
years. For example, deep convolutional neural networks (CNNSs), recurrent neural networks (RNNs), long short-term memory
(LSTM) networks, and Transformer networks have been employed to autonomously learn nonlinear and predictive feature
representations. Demolli et al. (2019) showed that such data-driven techniques could be useful for predicting wind power
at unknown geographical locations. More recently, Wang and He (2022) illustrated ultra-short-term wind power predictions
that capture highly localized spatiotemporal dynamics from historical data trends. The Transformer architecture, strengthened
by multi-head attention mechanisms, has also become increasingly popular for sequential modeling, enhancing time series
forecasting for wind speed and wind power applications (Sun et al. 2023, Qu et al. 2022, Wu et al. 2022a, Li et al. 2023, Pan et al.
2022, Wang et al. 2022). For example, Sun et al. (2023) demonstrated the effectiveness of Transformer networks at learning
sequential relationships for short-term wind power forecasting from spatiotemporal correlations.

Hybrid methods that combine machine learning with physics-based NWP have also become prominent in recent years. Du
(2018) investigated an ensemble learning approach that showed the advantages of integrating NWP information alongside
meteorological covariates (e.g., wind speed, wind direction, temperature, relative humidity, barometric information). Elsewhere,
Ye et al. (2023) demonstrated the effectiveness of utilizing NWP information in a probabilistic model for wind speed and
wind power forecasts under ultra-short prediction horizons. These authors subsequently proposed correcting NWP biases with
a machine learning approach guided by wind advection and diffusion physics (Ye et al. 2024). Despite these advancements,
however, most existing short-term wind power forecasting approaches based on machine learning and hybrid methods have
only considered predictions at the single-site level.

Training a single deep learning model to simultaneously forecast multiple wind farms has several distinct advantages. Firstly,
the forecasts themselves may benefit from spatiotemporal connections between wind farms explicitly or implicitly encoded in
the model. Secondly, training and updating a single model is more computationally efficient than needing to train and update a
separate model for each site. Lastly, such a model can provide a “big picture” for decision making, providing practical insight
when gauging energy management over a large geographical area (e.g., over an entire state). Qu et al. (2022) proposed using the
Transformer architecture for wind power predictions at multiple wind farms, validating on a case study of 6 wind farms in north-
west China. In a study for photovoltaic power forecasting, Simeunovic et al. (2021) proposed a spatiotemporal graph attention
network architecture for multiple sites that outperformed NWP-based models for 3- and 6-hour ahead predictions. However, as
discussed by Liu et al. (2024), sequential models like the base Transformer may struggle with multivariate learning—such as
in multi-site wind power forecasting—since the temporal tokens learned can muddle the information aggregated from different
variates. To address this issue, Liu et al. (2024) proposed the iTransformer architecture that inverts the tokenizing dimension
in the Transformer network, leading to “variate-centric” representations.

In this paper, we propose a new hybrid method that combines deep learning and NWP for multi-site time series forecasting.
We argue that deep learning can improve short-term multi-site wind power forecasts via directly learning and compensating
for the error from NWP projections. Specifically, we study the effectiveness of iTransformer for learning variate-centric NWP
error representations, which allows for the user to receive recommendations of spatiotemporal corrections to the forecasts over
different time scales. We benchmark and compare the iTransformer setup against other state-of-the-art models dedicated for
time series forecasting—including models that explicitly model other static (e.g., spatial coordinates) and non-static covariates
(e.g., wind speed and wind direction)—under a case study using ERCOT data from 2015 to simultaneously predict NWP error
from 74 wind farm stations spread over a wide geographical area encompassing the state of Texas. Our main contributions are
summarized as follows.

1. We present the iTransformer architecture and introduce the modified SpaceEmbed variant for learning spatiotemporal
trends of NWP errors.

2. We demonstrate the effectiveness of the iTransformer-based approaches on a case study using ERCOT data from 74 wind
farms with varying prediction horizons, with the approach resulting in an average improvement of up to 33% over the
original NWP forecast.
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We structure the paper as follows. Section 2 will present the proposed iTransformer deep learning methodology for multi-
site wind power forecasting. Section 3 will detail the ERCOT case study, offering more comparisons between our approach and
other state-of-the-art algorithms. We will then provide practical recommendations and discussions on the approach in Section
4, and conclude the paper in Section 5.

2 | METHODOLOGY

In this section, we will first formulate the time series forecasting problem. Then, we will expand on the base Transformer com-
ponents to introduce the iTransformer, including augmentations with additional static covariates such as latitude and longitude
coordinates.

2.1 | Problem Statement

Consider a multivariate time series for N wind farm stations, Y1.71x = {y1.¥2,.... ¥ Y71, ..., Y14k} € RVX(T+K)  Wwe
are interested in the following problem: at time 7 given historical partial series Yi.7 = {yl, \OT yT}, forecast the future
series for k = 1,2,..., K hourly steps ahead, Y74 1.7k = {yT+1, V742, .- YT+1<}. These quantities could be any wind power

metric of interest, such as wind power measured in MW or a proxy metric like wind speed. In our case study, we will use high-
sustained limit (HSL)—the maximum rated capability for power generation from a resource at a given point in time (Taheri
2012)—updated hourly. We will consider both the single-step ahead case (K = 1), as well as multi-step ahead cases (K > 1)
that produce multi-hourly forecasts for all wind farms.

Due to meteorological nonlinearities and complex physics, it is difficult to reliably forecast Yr41.7+x using data-driven
autoregressive methods alone, particularly when N (the number of wind farms) and K (the maximum prediction horizon in
hours) are large. Therefore, we propose to leverage available NWP short-term wind power forecasts (STWPF) as follows. Let
Y1 THK = {yTl),ﬁ(f), . ,y(T } denote the time series of predictions from a particular NWP model, where y(T) is the k-step
ahead forecast made at time 7. We can then define the corresponding errors of the NWP model predictions:

Brinrik = {b(rl),b(rz), e ,b(TK)}

= {YT+1 —§(T1)’ Yri2 —§(T2), -- s YTHK —?(TK)}

= Yro1rek - o174k ey
Here, b(T) represents the prediction error of the NWP model when the forecast is made at time 7, that is, b( ) = = yr+ Sr\(Tk)
for k = 1,2,...,K. We seek to train a data-driven model f to forecast the future errors from its past history, BT+1:T+K ~

]A3T+1:T+K = f(B1.7) (see Fig. 1), and use it to correct upon the NWP baseline:

Yriirik = Yok + Brovrik

~ ?T+1:T+K + ﬁT+1:T+1<- )

The intuition behind such a “post-calibration” approach is that the error terms, i.e., differences between the measurements and
the NWP baseline, may be easier to capture through fcompared to Y7 1.7k directly since the “bulk” dynamics is expected to be
already informed by the NWP’s forecast SA(TH;TJF k- The overall problem thus distills to building f; for example, via iTransformer
or other deep learning model architectures.

Our approach is related to previous data-driven post-calibration efforts (Jang et al. 2022, Jeong et al. 2023, Jeong and Byon
2024, Jain et al. 2023), including those that use deep learning to accomplish spatiotemporal post-calibration (Gronquist et al.
2021, Laloyaux et al. 2022, Cho et al. 2020). Peng et al. (2016) proposed using machine learning techniques such as neural
networks and support vector machines to predict error corrections to wind power forecasts. Furthermore, Costoya et al. (2020)
and Liu et al. (2016) proposed methods for wind power forecasting based on NWP corrections for wind speed forecasts, using
techniques such as linear regression and neural networks. However, our approach differs from the established literature in that
we use a single model for correcting multi-site HSL forecasts. By learning the error corrections for dozens of wind farms
simultaneously, the model is able to account for spatiotemporal correlations and variations in NWP error.
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FIGURE 1 Summary of problem formulation for simultaneous multi-site forecast of NWP error. Note: by, by_1,br2, bz 3
represent the input series of NWP forecast errors, counting backwards from time 7.

2.2 | iTransformer Architecture for Post-calibrating NWP Forecasts

The iTransformer architecture proposed by Liu et al. (2024) retains the core element of the popular Transformer model: attention.
However, it differs in its encoder-only architecture that emphasizes learning representations of each variate using self-attention,
in contrast to the original encoder-decoder architecture proposed for natural language processing applications (Vaswani et al.
2017). Most significantly, iTransformer’s tokenizing dimension is “inverted” (i.e., transposed) from the standard Transformer,
tokenizing along the variate dimension instead.

The iTransformer architecture, visualized in Fig. 2, can be summarized by three subcomponents: (input) embedding layer,
attention-block, and (output) projection layer, as follows:

0 0 1,0 0
H’ = {h0,hS,...,hY} = Embed(B, 1), 3)
H' = AttnBlock(H*Y), ¢(=1,2,...,L, 4)
~ o
Bry1.74k = Proj(H"). (5)
Wind Farm 1 brs brs bry br iTransformer Attention Block 50 g0 |eee :I NG
. ~ e ~ ~
Wind Farm 2 br3 by bri  br Self 50 [ 52 |® ..: BT(K)
) Embed —> Atteenti-on LayerNorm—> Dense LayerNorm Projection
°
[} \ \ J
Wind Farm N Ubrs brs bpi br . 50 | 5@ (X J . )
FIGURE 2 iTransformer architecture complete with subcomponents of embedding layer, attention-block, and output projection layer.
The embedding layer encodes the raw input B.7 into latent variables HC composed of tokens h? € R, j=1,...,N, where

N is the number of wind farms. The token dimension, d,,, is a tunable hyperparameter. We consider two embeddings in this
work: Embed, the default iTransformer value embedding based on a single dense linear layer; and SpaceEmbed, an alternative
embedding we propose to explicitly incorporate the spatial coordinates of wind farms:

H® = SpaceEmbed(B;.7, S) = Embed(B;.7) + yCoordEmbed(S), (6)

where CoordEmbed are again simple dense linear layers, and + is a trainable parameter weighing the spatial contributions to
the embedding learned automatically via backpropagation. S € R¥*V is the static symmetric distance matrix whose (i,j)-th
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element is

Sy — 2rarcsin \/1 —cos (A;— Aj) + cos \;cos Aj(1 —cos (¢; — ¢;)) 7

9 )
with )\; and ¢; being the latitude and longitude of wind farm i in radians for i,j = 1,2, ..., N, and r is the radius of the Earth
(6371 km). Specifically, S;; is obtained using the Haversine formula—a spherical distance metric that accounts for the curvature
of Earth (Maria et al. 2020). After computing the distance matrix, the elements of S;; are normalized in the range [0,1] by
dividing by the maximum distance.

Following the initial embedding, a sequence of L attention-blocks successively transform H® to uncover its contextual rep-
resentations. The cornerstone of each block is the multi-head attention mechanism proposed by Vaswani et al. (2017), which
allows the network to “focus” on relevant information across the different wind farm station variates. In the self-attention lay-
ers, tokens are decomposed into queries, keys, and values by multiplying them with learnable weight matrices. This enables the
computation of attention scores via scaled dot products, facilitating the identification of relationships between the variates. Such
mechanisms also have the the potential to improve interpretability, as discussed by Liu et al. (2024). The self-attention layers are
further connected by normalizing layers that perform z-score standardization on each individual variate. The normalization sta-
bilizes training and convergence, and due to the inversion architecture, avoids mixing together information across variates at a
given timestamp—an undesired drawback in the original Transformer design when applied for multi-site forecasting problems.
Fully connected dense layers are added in between normalization layers, completing the block architecture.

Finally, a projection layer transforms the latest H- to the output §T+1;T+ k- For iTransformers, the projection layer is a simple
linear dense layer rather than a more complex decoder, and thus often referred to be encoder-only.

3 | RESULTS

This section presents detailed implementation of the iTransformer model, complete with results and comparisons with other
state-of-the-art deep learning architectures on a case study of wind farm data provided by ERCOT. We also provide comparisons
with and without the SpaceEmbed variant for fusing spatial features, and other models that explicitly include other covariates
such as wind speed and wind direction.

3.1 | ERCOT Case Study Description

The dataset provided by ERCOT includes both (normalized) HSL measurements and (normalized) HSL predictions obtained
using the K = 1,2, 3,6, and 12-hour ahead NWP models for 74 wind farms in Texas and for every hour during the year 2015
(see Fig. 3). Updated hourly, the HSL is a useful proxy for the physical capability of producing energy without the influence
of external market factors (e.g., supplementary energy dispatches), making it preferable over conventional MW telemetry for
forecasters (Taheri 2012).

For the forecasting problem, we set the length of the historical partial series (i.e., input sequence) to 48 regardless of K—
that is, we always use the previous two days’ data to make future forecasts. The choice for this parameter was motivated from
short-term forecasting models benchmarked on the popular M4 dataset (Wang et al. 2024). Under this forecasting benchmark,
the deep learning models were evaluated on sequence length values ranging from 6 to 48. As a result, 48 hours was chosen as a
fixed setting for input length. We chose the highest benchmarked value because it would provide the most context for predicting
NWP errors.

We note that proprietary software was used for the NWP simulations provided by ERCOT in this study. As a result, we
are unable to share internal modeling parameters, and the focus of the case study is therefore to correct NWP forecasting
errors without needing to have direct access to the NWP simulation or potentially sensitive parameters. This approach may be
especially useful in situations where the privacy of sensitive parameters must be preserved.

The full dataset is divided into training and testing sets, and we ensure there is no overlap between any of the sequences in
those sets (or any part of those sequences). The training period entails the first 10 months of 2015, and the testing period is the
last 2 months. We further utilize the last 20% of the training set as a hold-out validation set for hyperparameter optimization and
early stopping. Table 1 summarizes the training, validation, and testing periods and the number of sequences in each, which is
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FIGURE 3 Location of 74 wind farms in Texas included in the 2015 ERCOT dataset.

dependent on k. We note that this case study features relatively small sample sizes in the context of deep learning, adding to
the challenge of multi-site forecasting.

TABLE | Training, validation, and testing set information. The number of sequences is dependent on the forecast horizon,
k. The dataset is split to ensure that there are no identical sequences between the subsets, and no overlap between the end of the
training/validation period and the beginning of the testing set.

Period Number of Sequences
Training ~ 2015-01-01 — 2015-08-30 0.8(7248 - K)
Validation ~ 2015-08-30 — 2015-10-30 0.2(7248 - K)
Testing  2015-11-01 — 2015-12-30 1416 - K
3.2 | Deep Learning Results for NWP Post-Calibration

The training procedure and training hyperparameters are kept consistent across all deep learning models. While the hyperparam-
eters are determined from a rough random search based on the validation set, results could be potentially improved further with
a more extensive hyperparameter optimization. During training, mean-squared error (MSE) loss is minimized using ADAM.
Mini-batching is employed with batch size set to 1024. From our hyperparameter tuning analysis, we find training to reason-
ably stabilize under just a few epochs, aligning with other deep time series models (Zhou et al. 2021, Wang et al. 2024); thus,
we set the maximum training epoch to five with an early stopping patience parameter of three.

The initial learning rate is set to 0.001, exponentially decaying by a factor of 0.5 after the first two epochs. All models are
trained on a PC laptop with an Intel i7-10750H CPU @ 2.60 GHz, 32 GB of RAM, and a NVIDIA GeForce RTX 2070 Super
GPU. The Time Series Library (TSLib) (Wang et al. 2024) in Pytorch is utilized for implementing other deep learning models
for comparison.

Specifically for the iTransformer and the proposed SpaceEmbed variant, we choose d,,, = 128 for tokenization. -y was initial-
ized to be 0.01, weighing the CoordEmbed portion of the embedding from two dense linear layers (with 64 and d,, = 128 units
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in the hidden layers). The model architecture contains just two encoding layers (L = 2) and one output projection layer, keep-
ing a parameter-efficient approach overall that appropriate for the dataset size. The embedding and projection components all
use linear dense layers, as discussed in the previous section. For the attention-block, the self-attention layers adopt multi-head
attention with eight heads, and the dense layers incorporate the Gaussian Error Linear Units (GELU) function for nonlinear
activations (Hendrycks and Gimpel 2016) with a dropout probability of 0.1 to mltlgate overﬁttlng

Table 2 reports the test performance of the final post-calibrated HSL forecasts, YT+1 Tk + BT+1 .7+k from Equation (2),
using the original iTransformer, the SpaceEmbed variant of iTransformer, and the other benchmark deep learning models for all
values of K tested. We also included a model output statistics (MOS) approach as a baseline comparison via the linear regression
modeling of E[yr] = (8o + 81¥7, where yr and yr are the observed and NWP-forecasted power at time T, respectively (Jahn et al.
2019). Here, 3y and 3 are the location and scale parameters to adjust the NWP forecast y7. Specifically, we report the mean test
RMSE = 1 standard deviation aggregated over the 74 wind farms. Results indicate that iTransformer models hold significant
improvements over the NWP forecast and post-calibration using other deep learning models. The extent of improvement varies
depending on K, with greater improvement observed under shorter time scales. Moreover, the standard deviations from the
iTransformer models are much smaller than those from the original NWP baseline and other models, indicating a substantial
decrease in forecast uncertainties.

TABLE 2 Test performance for forecasting HSL at different forecast horizons, K, using different deep learning models in
post-calibrating NWP. Reported values are the mean station-wide test RMSE =+ 1 standard deviation averaged over the 74 wind
farms.

Model K=1 K=2 K=3 K=6 K=12

Autoformer (Wu et al. 2022b) 0.187+£0.018  0.202+£0.020 0.198 £0.021 0.201 £0.026  0.215 4 0.030
DLinear (Zeng et al. 2022) 0.125+0.020 0.142+£0.020 0.168 £0.018 0.182+0.022  0.207 4 0.026
FEDformer (Zhou et al. 2022) 0.182+0.030 0.208 £0.038 0.202£0.035 0.193 £0.028 0.218 4 0.032
Informer (Zhou et al. 2021) 0.133 £0.022  0.144 £0.023 0.150 £0.024 0.163 £0.027 0.183 4+ 0.033
iTransformer (Liu et al. 2024) 0.095 +0.014  0.110+£0.017  0.122£0.019  0.143 £ 0.023  0.169 £ 0.030
SpaceEmbed 0.095 +0.014  0.110+£0.017  0.122£0.019  0.142 £ 0.023  0.168 £ 0.030

Nonstationary
Transformer (Liu et al. 2023)

0.126 £0.023  0.139£0.024 0.148 £0.025 0.163 £0.028 0.184 4+ 0.033
PatchTST (Nie et al. 2023) 0.100 £0.015 0.113+0.017 0.124+£0.019 0.144+£0.023 0.169 £ 0.030
Pyraformer (Liu et al. 2021) 0.124 £0.022 0.133+0.024 0.141+£0.025 0.154+£0.027 0.175+£ 0.033
TimesNet (Wu et al. 2023) 0.127 £0.024 0.139+0.024 0.145+0.025 0.158 £0.027 0.176 £ 0.033

Transformer (Vaswani et al. 2017)  0.139 £0.025 0.150 £0.025 0.157 £0.025 0.167 +0.027  0.184 4 0.032
Linear Regression 0.162 +0.025 0.194+0.029 0.214+0.034 0.247£0.044 0.291 £ 0.053

NWP Baseline 0.139+£0.023 0.146 £0.023 0.152£0.024 0.162 £0.027 0.178 +0.031

Notably, iTransformer is significantly more effective for post-calibration at K = 6 and K = 12 compared to other models
considered. It also reduces the errors from the baseline NWP forecast. This is particularly important given that NWP forecasts
tend to be less accurate over longer time scales, making their inputs to iTransformer less predictive compared to shorter time
scales. It is well-known that longer prediction horizons (higher values of K), specifically for K = 6 or 12, present considerable
challenges. Nevertheless, iTransformer demonstrates its capability to correct the biases present in NWP forecasts for these
extended forecasting horizons. While the performance of PatchTST is comparable for K = 6 and 12, iTransformer consistently
exhibits superior performance across all forecasting horizons.
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Taking a closer look at the results reported in Table 2, the two leading models for post-calibration are iTransformer and
PatchTST, but the difference in performance between these two approaches is greatest at K = 1. Figure 4 illustrates the NWP
forecast improvement when using the iTransformer approach compared to the next-best approach (PatchTST) in this 1-hour
ahead setting. While the forecast improvement over NWP is not uniform across all wind farms, every wind farm experiences
at least a 22% reduction in RMSE and upwards to 62% (with the average error reduction being approximately 33%) when
adopting the iTransformer. Notably, the improvement brought by iTransformer is greater than that of PatchTST at every wind
farm. Overall, the forecast accuracy is substantially increased in central Texas, where the wind farms are densely located. This
provides evidence that the iTransformer architecture is better at learning and utilizing the spatial correlations in correcting the
NWP forecasts.

1-Hour Ahead Prediction Horizon
iTransformer PatchTST

34°N |-

32°N 32°N

30°N

30°N

28°N | 28°N |-

106°W 104°W 102°W 100°W 98°W 96°W 94°W

106°W 104°W 102°W 100°W 98°W 96°W 94°W

250 275 300 325 350 375 400 425 450
RMSE Improvement over NWP Forecasts (%)

FIGURE 4 Percent improvement over NWP in RMSE across all 74 wind farms in Texas for 1-hour ahead predictions,
comparing iTransformer-based post-calibration to the next-best PatchTST approach.

Figure 5 further presents the HSL error distributions for the iTransformer and the NWP predictions for the same 1-hour
ahead setting over all test samples and all wind farms. It is noteworthy that the iTransformer post-calibration improves the bias
over the physics-based NWP baseline model. The mean error in normalized HSL (actual - predicted) for the NWP baseline is
—2.4 x 1073 and the iTransformer model improves upon this overestimation with a mean error of just —3.6 x 10~*. Correcting
the NWP forecast is nontrivial, as evident from Table 2 where most of the state-of-the-art deep learning models fail to improve
the NWP forecasts for longer prediction horizons (e.g., K = 6 and K = 12). The following subsection will provide additional
comparisons using the same deep learning architectures for predicting the HSL metric directly without utilizing NWP forecast
information in the inputs. Additionally, iTransformer post-calibration produces a sharper error distribution, indicating smaller
prediction uncertainties and a reduced number of large prediction errors.

Furthermore, we note that the performance difference between the base iTransformer and its SpaceEmbed variant that explic-
itly incorporates spatial distance information into the network is subtle. While the mean RMSE and variance are nearly identical
for all values of K, upon closer inspection, the SpaceEmbed variant enables slightly better improvement for K = 6 and K = 12
when post-calibrating NWP forecasts. The improvement can be shown more clearly when examining on the region-by-region
level. Fig. 6 illustrates this for K = 6, which compares boxplots of the SpaceEmbed and iTransformer performance across wind
farms in south, central, and north Texas. The SpaceEmbed variant slightly outperforms iTransformer for all 3 evaluated regions.
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FIGURE 5 HSL errors with iTransformer corrections at 1-hour ahead prediction horizon, illustrating significant error

compensation and reduction of variance.

These results indicate that the base iTransformer architecture is quite successful at implicitly learning these spatial correla-
tions, but explicitly encoding coordinate information with approaches such as SpaceEmbed has the potential to offer additional
advantages. Including the trainable parameter v (see Eq. 6), which is learned automatically via backpropagation, enables the
architecture to find the right balance between the implicit and explicit encoding mechanisms. These advantages may be further
accented if the dataset only contains a few wind farms that are sparsely located, inhibiting the performance of iTransformer in its
ability to implicitly learn spatial information. The next subsection will also compare four deep learning models that incorporate

additional covariates.
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N
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FIGURE 6 Boxplots comparing post-calibrated iTransformer and SpaceEmbed performance for K = 6, demonstrating

regional performance improvements over NWP baseline.
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3.3 | Additional Comparisons

Predicting HSL solely from sequential historical HSL estimates is difficult, as HSL is highly dependent on meteorological
factors (Taheri 2012). The physics-based NWP forecasts simplify this problem by resolving some of the complex and nonlinear
time-varying weather dynamics. However, it is helpful to gauge the impact of the NWP inputs when considering the viability of
purely data-driven deep learning forecasts. Table 3 reports the test performance from all 74 wind farms when directly predicting
HSL instead. We include the NWP results as reference in the last row in Table 3.

From K = 3 and upwards, all purely deep learning-based forecasts are significantly less accurate than NWP. These findings
align with the general trend that purely data-driven models typically could outperform physics-based NWP models only with
the shortest prediction horizons, while their performance degrades over longer time scales (Ding 2019). For prediction with
K = 1 and K = 2, the iTransformer model outperforms the NWP forecast. While PatchTST also surpasses the NWP baseline
model for K = 1 and K = 2, its performance is slightly inferior to that of iTransformer.

It is noteworthy that while iTransformer achieves a significant improvement over the NWP forecast at K = 1 even without
post-calibration, all the implemented deep learning models show enhanced performance when used in conjunction with the
NWP baseline (see Table 2). This observation suggests that the physical principles captured by the NWP model play a crucial
role in forecast accuracy. As discussed in Section 3.2, combining NWP forecasts with deep learning post-calibration proves to
be a more effective approach compared to relying solely on data-driven methods or purely on NWP forecasts.

TABLE 3 Test performance for forecasting HSL at different forecasting horizons, K, using different deep learning models
directly without post-calibrating NWP. Reported values are the mean station-wide test RMSE = 1 standard deviation averaged
over the 74 wind farms.

Model K=1 K=2 K=3 K=6 K=12

Autoformer (Wu et al. 2022b) 0.297 £0.041 0.321 +£0.040 0.314£0.041 0.320£0.043 0.332 £ 0.043
DLinear (Zeng et al. 2022) 0.235+0.037 0.248+0.039 0.258 £0.040 0.279 £0.042 0.311 £ 0.046
FEDformer (Zhou et al. 2022) 0.295+0.043 0.315+0.041 0.315+£0.043 0.314 £0.041 0.331 £ 0.044
Informer (Zhou et al. 2021) 0.209 +0.044 0.215+0.044 0.221 £0.043 0.239£0.041 0.270 £ 0.041
iTransformer (Liu et al. 2024) 0.109 +0.018  0.133 +0.023  0.154 +0.026  0.198 £ 0.033  0.248 £ 0.040
SpaceEmbed 0.109 +0.018  0.1354+-0.023  0.158 +0.027  0.200 £ 0.033  0.249 £ 0.040

Nonstationary

Transformer (Liu et al. 2023) 0.175£0.037 0.211+£0.041 0.223 +£0.042 0.251 £0.042 0.281 + 0.044

PatchTST (Nie et al. 2023) 0.115£0.017 0.139+0.021 0.159 £0.024 0.205+0.032 0.251 £ 0.039
Pyraformer (Liu et al. 2021) 0.165£0.034 0.177+0.035 0.188 +£0.037 0.215+0.039 0.254 + 0.043
TimesNet (Wu et al. 2023) 0.180 £0.041 0.198 £0.042 0.204 £0.041  0.227 £0.042 0.248 £ 0.041

Transformer (Vaswani et al. 2017)  0.279 4 0.057  0.295 £ 0.055 0.300 & 0.054 0.308 =0.052  0.308 + 0.054

Linear Regression 0.169 £0.028 0.207 £0.036  0.233 +0.043 0.301 £ 0.056  0.387 £ 0.075

NWP Baseline 0.139 £0.023  0.146 £0.023  0.152+£0.024 0.162 £0.027 0.178 £ 0.031

Additional covariate information such as wind speed and wind direction are also available in the ERCOT dataset, and four
alternative deep learning models for post-calibration incorporating these covariates alongside spatial coordinates are compared.
Unlike iTransformer, these models have existing capabilities for handling static covariates (such as spatial coordinates) and
other past covariate series (wind speed and wind direction) that are explicitly separate from the target series (NWP error predic-
tion). These models are trained using the Darts implementation (Herzen et al. 2022), a popular Python library for time series
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forecasting. The same training settings listed previously are used once again, with the exception of batch size, reduced to 32 due
to the additional memory requirement of processing the new covariate series. The results for these models are shown in Table 4.

TABLE 4 Test performance for forecasting HSL at different forecasting horizons, K, now incorporating wind direction,
wind speed, and spatial coordinate covariates, using different deep learning models in post-calibrating NWP. Reported values
are the mean station-wide test RMSE = 1 standard deviation averaged over the 74 wind farms.

Model K=1 K=2 K=3 K=6 K=12
TFT (Lim et al. 2020) 0.140 £0.025 0.146 £0.024 0.152£0.024 0.162+0.028 0.179 4+ 0.033
TSMixer (Chen et al. 2023) 0.142+0.033  0.150 £0.029 0.155£0.029 0.167 £0.037 0.184 4 0.036
TiDE (Das et al. 2024) 0.111+0.016 0.128£0.019  0.134 £0.020 0.145+0.022 0.167 4 0.029

Transformer (Vaswani et al. 2017)  0.140 £ 0.027  0.141 £0.029 0.148 £0.035 0.157 £0.048 0.175 4+ 0.036
NWP Baseline 0.139+0.023 0.146 +£0.023 0.152+0.024 0.162 +0.027 0.178 +0.031

Some models, such as TSMixer (Chen et al. 2023) and TiDE (Das et al. 2024), are based entirely on multilayer perceptrons
and are useful to contrast against the Transformer-based models. These models are flexible and powerful deep learning fore-
casting tools that can be fused with other past, future, and static covariates to improve prediction quality (Herzen et al. 2022),
which is especially useful in the single-site context. However, they generally did not perform as well on post-calibration as the
iTransformer models trained on the NWP errors, particularly for shorter prediction horizons. Interestingly, pairing the NWP
forecasting error series with the wind speed and wind direction covariates improved post-calibration from the standard Trans-
former model for K > 2. Of these methods, TiDE offers the most significant improvement over the NWP baseline forecast,
with relatively strong performance for K = 12. The extensive benchmarking performed with state-of-the-art deep learning
techniques showcase the difficulty of the multi-site forecasting problem, especially given the small training dataset sample size.

4 | DISCUSSION

As seen in the results from the previous section, we find that even with the most recent advancements, state-of-the-art deep
learning models developed for time series forecasting are not effective replacements for physics-based wind power forecasting
approaches such as NWP, especially for longer prediction horizons (see Table 3). While these models may be effective for ultra
short-term predictions, the importance of incorporating NWP atmospheric dynamics and physics is apparent when comparing
the direct HSL prediction to the post-calibrated HSL prediction (see Table 2). Combining the physics-based insights provided
from NWP with iTransformer is an effective way to learn spatiotemporal trends for wind power, as validated on ERCOT data
across 74 wind farms in Texas.

One of our key findings is that the difference in generalization performance between the SpaceEmbed and regular iTrans-
former architectures was subtle, indicating that the iTransformer architecture may be able to efficiently learn spatial correlations
via context. By embedding spatial coordinates via the SpaceEmbed variant and obtaining similar results, we believe we have
uncovered a fascinating phenomenon: that simply inverting the attention mechanism may provide spatial context between wind
farm variates. Explicitly encoding coordinate information may achieve additional regional improvements, as seen in Fig. 6.
However, we acknowledge that our conclusion is based solely on the ERCOT dataset studied in this paper. In the future, we
will conduct experiments with more datasets as they become available to us.

To the best of our knowledge, this is the first study investigating the effectiveness of a single deep learning model utilized
for NWP post-calibration for dozens of wind farms, resulting in significant forecast improvement over differing time scales.
The approach is general and future work may expand to multi-site forecasting of other quantities and meteorological attributes
(e.g., predicting wind speed over various locations). The proposed approach for improving wind power forecasts is exceedingly
practical and resource-efficient. As an alternative to single-site methods with potentially millions of trainable parameters per
wind farm, a single model is designed to learn Nk forecast corrections—a difficult task for conventional statistical and shallow
regression techniques. Naturally, this computationally efficient paradigm is much better suited for retraining, which may be
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necessary in practice to account for unpredictable and rare weather events and dynamics. Another advantage is the capability
of mixing a general multi-site model for efficient and “coarse” adjustments with more specialized single-site models for further
fine-tuned corrections, mirroring the ideas of transfer learning and foundation models. As deep learning methods continue to
improve at sequence prediction and generation, so does the potential for using them to improve forecasts, unlocking savings in
energy spending.

Furthermore, the approach is promising in its performance evaluated under a small training dataset, as well as its potential
for direct wind power prediction for short time scales (see Table 3). This has positive implications for implementation under
conditions where physics-based forecasts may not be available or accurate for short-term prediction, lowering costs associated
with high-fidelity numerical simulation methods. The iTransformer methods are also superior on the post-calibration tasks
when compared to other methods paired with covariate series such as wind direction and wind speed. While the performance
improvements are most pronounced on shorter prediction horizons, we also observe modest improvements at longer time scales
(e.g. K = 12 hours ahead). Finally, we note the computational efficiency of this approach: under the parameter and local
hardware settings described in the case study, it takes approximately 2 minutes to train the iTransformer architecture and about
15 seconds for evaluation to obtain all test set results.

5 | CONCLUSION

This study considers the problem of multi-site forecasting for wind farms spread over a wide geographical area. Due to complex
dynamics and nonlinearities, multi-site wind power forecasting remains a difficult and relevant research challenge. Accurate
forecasts are necessary for utility demand management and decision-making, with massive economic implications placed on
consumers. Our results demonstrate that most state-of-the-art deep learning models do not perform well for direct (i.e., with-
out NWP post-calibration) multi-site forecasting on this scale, particularly for longer prediction horizons such as 6 and 12
hours ahead. The case study examines the potential of a hybrid approach, where we pair deep learning methods such as the
iTransformer architecture with physics-based NWP forecasts for learning farm-level trends in wind power error. The greatest
forecasting accuracy is achieved in this setting, where iTransformer architectures correcting NWP forecasting errors results in
an up to 33% average improvement over NWP in HSL prediction across dozens of wind farms. The effectiveness of this NWP
and deep learning hybrid approach compared to pure deep learning for HSL estimation confirms the importance of utilizing
NWP forecasts for learning atmospheric and meteorological dynamics for wind power forecasting. The obtained case study
results may be further improved with more extensive hyperparameter optimization and expanded training data.

Despite these strides, there remain important directions for future work. Acquiring additional data from a few more years (e.g.,
5 years) could be very helpful to better capture yearly trends, which could improve generalization and forecasting performance.
For example, in the current study, the testing set evaluates performance in November and December—months that the model
has not seen before. Additionally, higher resolution data (e.g., HSL estimates that update every half hour or every 15 minutes)
could also improve the model by learning finer and granular trends on wind power production capabilities. In addition, the
results of our case study could be quite sensitive to the length of the input sequence, and context length remains a field of critical
interest for Transformer-based models. We leave the tuning of this parameter and further experimentation with context lengths
and exploring potential implications on wind energy forecasting for future work.

Furthermore, we believe that rigorous uncertainty quantification and explainability are necessary to improve model confi-
dence and trustworthiness, which is essential for utility companies to make decisions on energy management and resource
allocation (Choe et al. 2018, Wang et al. 2021b). In particular, ensuring that data-dependent model explanations (such as those
discussed by Cohen et al. (2023) and Cohen et al. (2024)) are robust to uncertainties could have important implications for
research in digital twins (Cohen and Huan 2024). Future work should also continue to investigate and interpret the learned
variate-based representations. These insights could prove useful for understanding the correlations between existing wind farms
as well as for planning the construction of new wind farms (Jang and Byon 2020). We hope that the contributions of this paper
encourage future research avenues for multi-site forecasting, especially for hybridized approaches that fuse physics-based and
deep learning techniques.
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