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To address the insufficient forecasting accuracy in newly built wind farms due to a lack of historical data,
we propose wind power forecasting methods based on the Moirai large time series model. For the few -
shot scenario, we fine tune Moirai on limited local samples, leveraging its generic time series represen-
tations learned from the large scale LOSTA dataset and adapting them to the target wind farm to mitigate

overfitting under data scarcity. In the zero-shot scenario, we further pre train Moirai on a large scale,
heterogeneous wind power dataset to build a large wind power forecasting foundation model with adap-
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tive mapping dimensions. Experiments demonstrate that our few-shot approach significantly outper-
forms conventional deep neural networks under data-scarce conditions, meanwhile, our zero shot
foundation model for wind power forecasting achieves 86.57% accuracy for ultra short term and 77.59%
accuracy for short term forecasting, confirming its strong generalization and robustness across diverse

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

With the acceleration of industrialization, conventional energy
sources, characterized by environmental pollution, severe waste,
and resource depletion, no longer satisfy the requirements for eco-
nomic growth and sustainable development [1]. Clean, environ-
mentally friendly renewable energies, such as wind and solar
power, are receiving widespread global attention [2]. As a vital
component of the modern energy system, wind power generation
has experienced rapid growth in recent years due to supportive
policies and technological advances [3]. As the installed capacity
and the proportion of grid-connected continue to increase, the
uncertainty of wind power output has an increasingly significant
impact on grid operation. Wind power output is constrained by
multiple factors such as wind speed, wind direction, terrain, and
humidity, exhibiting randomness, volatility, and intermittency,
which pose severe challenges to grid dispatch and operational sta-
bility. Therefore, accurate wind power forecasting is essential for
effective power system deployment and for reducing generation
costs for energy producers [4].
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Existing wind power forecasting methods can be divided into
three categories: statistical model-based methods, physical
model-based methods, and deep neural network-based methods.
Deep neural network models have been widely applied in wind
power forecasting due to their strong nonlinear data-fitting and
parameter-learning capabilities [5]. Their core idea is to train
model parameters using historical wind power data and learn
the relationship between inputs and outputs [6]. Common deep
neural network architectures include convolutional neural net-
works (CNN) [7], long short-term memory networks (LSTM) [8],
gated recurrent units (GRU) [9], and Transformer [10]. Transformer
can capture long-range dependencies within sequences and fully
extract relevant information from wind power data [11], and have
attracted considerable attention in recent years. In Ref. [12], a
short-term multi-step wind power forecasting method based on
spatiotemporal correlations and Transformer was proposed, which
incorporates spatial information from surrounding turbines and
uses Transformer to learn distance-invariant sequential dependen-
cies, demonstrating superior performance at large forecasting
horizons.

The above deep neural networks typically require large
amounts of historical data for data-driven and perform poorly in
few-shot scenarios [13]. Each year, numerous wind farms are con-
structed, expanded, or retrofitted. Owing to their short operating
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histories, these farms have not accumulated sufficient data to
establish high-accuracy deep neural network forecasting models
[14]. Currently, the most commonly used method for few-shot
wind power forecasting is the “pretraining-fine-tuning” method
of transfer learning [15], which still faces three major challenges:
firstly, transfer learning assumes that the source wind farms and
the target wind farms have a high degree of homogeneity, and if
the two wind farms have significant differences in terms of geogra-
phy, turbine types or climate conditions, negative transfer is likely
to occur, which may weaken the model performance; secondly,
due to the constraints of data privacy and commercial confidential-
ity policy [16], it is often difficult to obtain enough historical data
of neighboring wind farms with qualified quality, which leads to
limited selection of the pre-training sources; and thirdly, the tradi-
tional deep neural network fixes the input and output dimensions
at the pre-training stage, and lacks of flexibility in fine-tuning to fit
the downstream tasks with different forecasting spans and number
of variables, which hinders the achievement of truly efficient and
general predictions.

In recent years, the rapid development of large-model technolo-
gies has opened new avenues for modeling in complex scenarios.
Large language models such as GPT-4 [17], PaLM [18], and Deep-
Seek [19] have demonstrated powerful contextual understanding
and generative capabilities in natural language processing through
pretraining on massive text corpora and scaling of parameter
counts. Inspired by these advances, many researchers have begun
to explore large models for time series analysis, including TimeGPT
[20], Lag-Llama [21], Moirai [22], and Timer [23]. Ref. [24] investi-
gates the application of TimeGPT to load forecasting by leveraging
its universal patterns learned from cross-domain time series data
and fine-tuning on limited historical load records. This approach
achieves significant improvements in short-term forecasting accu-
racy under data-scarce conditions and offers practical guidance for
few-shot load forecasting. However, since TimeGPT is not yet open
source and is accessible only via a restricted application program-
ming interface (API), its widespread industrial adoption remains
limited. The large time series model (LTSM) Lag Llama was trained
on the Monash dataset, which contains fewer than one billion data
points, consequently, its ability to learn truly generalizable time -
series features is limited, and it does not support downstream fore-
casting for an arbitrary number of variables. The Timer model,
while achieving strong forecasting performance on specific down-
stream tasks, is constrained by its architecture and cannot accom-
modate arbitrary input or output lengths, limiting its overall
versatility.

The Moirai LTSM is the first fully open-source foundation model
for time series. It is a general-purpose transformer for forecasting
that employs a masked-encoder architecture, multi patch size pro-
jection layers, and an any-variate attention mechanism to accom-
modate varying temporal resolutions, arbitrary input or output
lengths and numbers of variables across tasks [22]. Pretrained on
the LOSTA dataset, a large-scale open time series collection
designed for forecasting, which includes over 27 billion observa-
tions from diverse domains, Moirai has exhibited excellent
zero-shot and few-shot fine-tuning performance across multiple
benchmarks, demonstrating its versatility and strong generaliza-
tion ability in time series forecasting.

Based on the above background, we aim to explore the applica-
tion potential of the Moirai LTSM in few-shot and zero-shot wind
power forecasting scenarios. As shown in Fig. 1, our study is
organized around two main aspects:

(1) For wind farms with limited historical data, we investigate
an efficient fine-tuning strategy for Moirai based on the
few-shot samples. This approach both leverages the univer-
sal time-series pattern representations learned by Moirai
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during large-scale pretraining and adapts the model to the
local temporal structures and data-distribution characteris-
tics of the target wind farm via fine-tuning, thereby improv-
ing forecasting performance in specific few-shot scenario.
(2) For wind farms that completely lack historical observations,
we construct a large-scale, heterogeneous wind power data-
set covering multiple regions, meteorological conditions,
and turbine configurations, and use it to re-pretrain Moirai.
By training on this diverse collection of samples, we enhance
the model’s ability to capture both commonalities and dif-
ferences across wind farms, thereby building a large wind
power forecasting foundation model with strong cross-
scenario generalization for direct zero-shot forecasting.

2. Wind power forecasting method based on the Moirai LTSM
2.1. Wind power forecasting architecture

The schematic diagram of the wind power forecasting approach
discussed in this paper is shown in Fig. 2. The technical route for
wind power forecasting is defined as extrapolating future wind
power data based on historical wind power data. Specifically, the
model takes the historical wind power data over the past T time
steps, denoted as X, as input, and predicts the wind power data
for the next P time steps, denoted as Y. The expressions
for X and Y are given in Egs. (1) and (2), respectively.

X:[Xl X2 XT]ERT (1)

Y=y ¥ ypl R’ (2)

where T represents the input sequence length, and P denotes the
forecasting horizon, with xq,x,,...,xr representing the historical
wind power data at time steps 1, 2, ..., T, and y,,¥,, ..., yp represent-
ing the future wind power data to be predicted at the subsequent
time steps 1, 2, ..., P.

2.2. Architecture of the Moirai LTSM

Moirai, proposed by the Salesforce research team, is the first
unified large model for time series forecasting. It is pretrained on
the large-scale open time series dataset LOSTA and is available in
three variants: Moirai-small, Moirai-base, and Moirai-large, con-
taining approximately 140 million, 910 million, and 3.11 billion
parameters, respectively [22]. In this paper, we base our subse-
quent experiments on Moirai-small. The core architecture of
Moirai, shown in Fig. 3, is built upon an enhanced Transformer
framework. Through multi patch size projection layers, any-
variate attention mechanism, and a masked encoder design, Moirai
addresses challenges faced by traditional time series models, such
as variations in temporal frequency and the number of variables.

2.2.1. Multi patch size projection layers

To address the challenges posed by varying temporal frequen-
cies in time series data, the model proposes a dynamic patching
strategy. The input sequence is divided into patches with sizes
selected according to the sampling frequency (seconds, minutes,
hours, days, etc.): high-frequency data (such as second-level wind
speed) is compressed using large patches of 128 points to reduce
redundancy, while low-frequency data (such as annual tempera-
ture) is processed with small patches of 8 points to preserve
detailed features. Each patch is mapped into a unified hidden space
through an independent linear projection layer, as shown in Eq.
(3):

XD = WP X2 (3)
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Fig. 2. Schematic diagram of wind power forecasting.

where X ¢ R® denotes the original time-series patch vector;
WP ¢ R%*% represents the linear projection matrix corresponding
to the patch size; and Xg;)tch e R% is the resulting hidden feature
vector after projection. Here, dj, is the dimension of the input patch

and d, is the dimension of the hidden representation.

2.2.2. Any-variate attention mechanism

In response to the limitations of traditional Transformer models
in handling varying numbers of variables for time series forecast-
ing, an any-variate attention mechanism is introduced. By flatten-

ing the multivariate time series into a single-sequence structure, a
unified modeling framework that supports any number of vari-
ables is constructed. To enable the model to maintain clear variable
awareness within the flattened sequence, a dual-encoding scheme
is introduced into the attention mechanism.

Time encoding. The time dependencies within the variables are
captured through rotational position encoding. For the query vec-
tor q; ,, at time step i and variate m and the key vector k;, at time
step j and variate n, the relative position interaction calculation
formula is shown in Eq. (4).

—sin((i - j)0q)
cos((i —j)0q)
where m and n are variate indices, denoting the mth and nth variate
in the multivariate time series, respectively; d’ is the dimension
index (d' =1,2,...,dy) of the hidden state vector, and 0, controls
the frequency decay rate of each dimension. The time encoding
enables the model to accurately model the time lag effects within

the variables.

Variable encoding. Cross-variable interaction control is
achieved through learnable binary bias parameters, and the calcu-
lation of its attention score is shown in Eq. (5).

r [cos((i —j)0y)

Ri—' i 7k'” =4 i j
i Gim Kin) = Qi cos((i—j)by)

(4)

jn

Eimyim = Risj(@i . Rin) + UV S, + u<2)(1 — Omn) (5)

where 6,,, is the Kronecker delta function, which takes the value 1
when the variable index m = n, and 0 otherwise; u" strengthens the
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temporal dependencies within the same variable; u® adjusts the
strength of the associations between different variables.

2.2.3. Masking encoder

The core module of Moirai is the encoder part of the Trans-
former model [25], and it has been improved based on large pre-
trained models as follows.

Pre-normalization mechanism [26]. RMSNorm normalization
[27] is applied before the multi-head attention mechanism and
the feed-forward network. Its calculation formula is shown in Eq.

where x is the input vector, g is the learnable scaling parameter vec-
tor; ¢ is used to prevent numerical overflow.

Query-key normalization [28]. L2 constraints are applied to
the query matrix Q € R™ and the key matrix K € R™“ as shown
in Eqs. (7) and (8).

- q
Q= max(iQl, 1) @
~ K

K= max(IKT,. 1) ®

where Q and K are the normalized query and key matrices,
respectively.

SwiGLU feedforward network [29]. The SwiGLU feedforward
network is used to replace the nonlinear layer in the original fully
connected layer, enhancing the nonlinear relationships and adjust-
ing the hidden layer dimensions to maintain the same parameter
count as the original fully connected layer. The calculation formula
for the fully connected layer is shown in Eq. (9).

FFN(x) = (Swish(Wx) & W,x)Ws5 9)

where FFN denotes the feedforward network module, W;-Wj; are
the first, second, and output weight matrices, respectively.

2.3. Few-shot wind power forecasting based on Moirai fine-tuning

The Moirai large time series forecasting model has been pre-
trained on the large-scale time series dataset LOSTA. This dataset
integrates time-series data from nine major fields, including global
energy, transportation, climate, and more, with a total scale of over
270 billion observations [22]. It not only covers time series features
with different frequencies, periodicities, and seasonalities, but also
exhibits variability in noise levels and the presence of outliers, pro-
viding a powerful training condition for the model [24]. Some data-
sets display orderly and predictable patterns, while others show
significant noise spikes or unexpected events, offering a wide range
of scenarios for pattern assimilation.

For wind farms with limited historical data, a few-shot wind
power forecasting method based on Moirai fine-tuning is
proposed. To fully leverage the rich general time series representa-
tions acquired by Moirai during its base training on the large-scale
open time series dataset LOSTA, we initialize all layer parameters
with those learned weights before performing task specific
adaptation, thereby accelerating convergence and enhancing the
model’s generalization ability. During the fine-tuning process, the
limited sample data from the target wind farm is used to train
all layer parameters of the Moirai model to adjust the weights of
each layer.

It is important to note that to prevent the model from drift-
ing away from the general knowledge acquired during its base
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training, a lower learning rate is employed during task specific
adaptation, thereby focusing more on capturing the unique fluc-
tuation patterns of the target wind farm. The lower learning
rate allows for smoother parameter updates during fine-
tuning, with only minor adjustments to the pre-training param-
eters to avoid destroying the generalized features learned by the
model on the large-scale data LOSTA; it also slows down the
rate of overfitting so that the model maintains a stronger gen-
eralization ability on test data. To improve training stability
and accuracy, the same optimizer, AdamW, as used in the
Moirai pre-training process is selected, and mean squared error
(MSE) is used as the loss function. In the few-shot fine-tuning
scenario, due to the limited training data, the model is prone
to overfitting on the training set and the performance of the
validation set starts to degrade. Therefore, we set a maximum
number of training epochs and introduce an early stopping
method. The validation set is used to monitor the model train-
ing process. Specifically, if the accuracy of the validation set
decreases consecutively for E times, the fine-tuning training
process will be terminated early, which prevents the model
from continuing to remember noise and chance, thus maintain-
ing its generalization ability on test data.

2.4. Zero-shot wind power forecasting based on Moirai re-pretraining

For wind farms with no historical data, a zero-shot wind
power forecasting method based on a large-scale heterogeneous
wind power dataset and Moirai re-pretraining is proposed. The
core idea of this method is to use a large-scale dataset that cov-
ers multiple regions, meteorological conditions, and turbine con-
figuration differences, and to re-pretrain the Moirai large model,
which has already been pre-trained on the large-scale open time
series dataset LOSTA. This builds a large wind power forecasting
foundation model that has cross-wind farm generalization abil-
ity, allowing it to perform zero-shot forecasting on unseen wind
farm tasks.

2.4.1. Large-scale heterogeneous wind power dataset

The constructed large-scale heterogeneous wind power data-
set covers 553 wind farms from various regions in China, includ-
ing Inner Mongolia, Gansu, Henan, Jilin, Jiangxi, Zhejiang, Fujian,
among others. In addition to time series measurements, we col-
lected static site attributes (latitude, longitude, rated capacity,
and turbine make and model) to further validate the broad spa-
tial coverage and representativeness of the assembled dataset.
These wind farms are widely distributed in different municipal-
ities of various provinces, covering a wide range of typical ter-
rains, including plateau, grassland, plains, hills, mountains, and
coasts, fully reflecting the diversity of geographic and topo-
graphic conditions. We selected wind farms based on the dual
considerations of data quality and model diversity: wind farms
with more than 10% missing data were excluded, the installed
capacity of the selected wind farms was within the range of
750 kW to 3 MW, and there was a reasonable distribution of
several mainstream wind turbine models, with each province
accounting for less than 20% of the total data volume, so as to
avoid over-concentration of a single model or region. The tempo-
ral resolution of the data for each wind farm is 15 min or 1 h,
and the collection period is one full year to completely capture
seasonal fluctuations and extreme weather events.

In order to ensure the data quality and statistical consistency,
in the pre-processing stage, all the power series are firstly
standardized according to the method of normalization of rated
capacity, so as to eliminate the order of magnitude difference
of different wind farm sizes, and the calculation formula is
shown in Eq. (8). Subsequently, outliers in the normalized
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sequence are removed based on the 3¢ principle. For missing
values, linear interpolation between two neighboring points
was used if the consecutive missing time did not exceed 24 h;
if the missing time exceeded 24 h, the values were filled in
based on the historical average values of the same month at
the same station in order to maintain the integrity of the sea-
sonal characteristics. Finally, consistency checks are performed
to ensure that the percentage of synthetic data in each sequence
does not exceed 5%, and overrun sequences are flagged for
backup manual review.

Ve = 1%/ Ve (10

where ¢, refers to the eth power value after normalization based
on rated capacity; 2° refers to the power value at the eth point, and

v, refers to the rated capacity of the wind farm.

2.4.2. Re-pretraining strategy based on large-scale heterogeneous
wind power dataset

Firstly, the network parameters of each layer of the Moirai large
model, pre-trained on the large-scale open time series dataset
LOSTA, are used as initialization weights before re-pretraining.
Then, during the re-pretraining process, the Moirai model’s entire
layer parameters are trained again based on the samples from
the large-scale heterogeneous wind power dataset, constructing
the large wind power forecasting foundation model. At this point,
the large wind power forecasting foundation model has fully
learned and refined the universal features and differentiated pat-
terns presented by different geographical environments, meteoro-
logical conditions, and wind turbine configurations in the
heterogeneous dataset, resulting in strong generalization ability
and robustness.

To enhance the cross-scenario generalization ability of the large
wind power forecasting foundation model across different wind
farms, during re-pretraining, we follow the cross-task mixed train-
ing mechanism [22] used in the original pre-training process of the
Moirai large model. Specifically, at each training step, a wind farm
scenario and a time-series segment are randomly sampled from
the heterogeneous wind power dataset, and the prediction loss is
computed for backpropagation. This mechanism avoids the bias
caused by traditional sequential training by scenario or task, and
effectively promotes the model’s ability to extract universal
time-series patterns across different wind farms.

In terms of sample construction, a dynamic sliding window
strategy [22] is adopted to simulate different wind power forecast-
ing demands. In each training epoch, a time window length
L €[8,960] is randomly selected and randomly divided into an
input sequence T and a prediction length P where
P =L,/ €[0.1,0.5]. For example, when L= 192, the prediction
length P may range from 17 to 64 points. This design enables the
model to simultaneously learn wind power forecasting tasks at dif-
ferent forecasting scales, thereby enhancing its adaptability to var-
ious downstream forecasting tasks.

Additionally, in terms of variable dimensions, the Moirai model
samples the number of input variables r in each training epoch
based on a Beta-Binomial distribution, where
r ~ BetaBinomial(num = 64,a = 2, § = 5), where num is the maxi-
mum number of variates, and « and p are the parameters of the
Beta distribution that control the shape of the sampling probabil-
ity. If the actual number of variables in a sample is less than r,
zero-padding and masking are applied; otherwise, redundant
dimensions are randomly dropped. Similarly, during the re-
pretraining process, we use the AdamW optimizer and adopt
MSE as the loss function. To prevent model overfitting, a maximum
number of training epochs is set, and the early stopping method is
introduced.
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3. Case study
3.1. Data description

The proposed method is validated using test data from 12 wind
farms located across various regions of China. These 12 wind farms
are distributed across Shaanxi Province, Gansu Province, Jiangxi
Province, Chongqing Municipality, Hunan Province, Jiangsu Pro-
vince, Guangxi Province, Zhejiang Province, Fujian Province, and
the Xinjiang Uygur Autonomous Region. The wind farms are geo-
graphically distant from each other and feature diverse terrains,
making them well-suited for verifying the model’s generalization
ability and robustness across diverse wind farm scenarios. Each
wind farm dataset contains actual power data from January 1,
2021, to December 31, 2022, with a time resolution of 15 min.
To facilitate the calculation of subsequent prediction accuracy met-
rics, the actual power data is normalized by the rated capacity,
thereby masking the original characteristics of each wind farm
and enabling direct comparison of forecasting results across differ-
ent farms.

3.2. Evaluation metrics

To assess the reliability of the proposed method, in accordance
with the technical regulations for wind farm integration into
power systems, we select accuracy (Acc), pass rate (Pasr), where
pass rate is the proportion of forecasts whose absolute error falls
within a predefined threshold, and root mean square error (RMSE)
as evaluation metrics for wind power forecasting performance. The
calculation methods are shown in Eqgs. (11)-(13).

B ﬁ:(”a*%)z
Ace = 2= V=] 00y, 11
B x 6 (11)
Pasr:A B~ 100% (12)
RMSE = | | S 2 13
“A\AxB (Vg — vq) (13)

where 7, denotes the forecasting value, v, denotes the true value; A
is the number of points output by the model each time; B is the
number of prediction instances; and C is the number of output
points where the absolute difference between the predicted value
and the true value is less than 0.25, that is, |7, — v4|< 0.25. It should
be noted that, according to the engineering experience of actual
wind power forecasting, the forecasting error within +25% of the
installed capacity is usually considered as acceptable, so we set
the threshold of Pasr at 0.25 to ensure that the evaluation indexes
are comparable in the industry and reflect the actual forecasting
performance of the model.

3.3. Performance analysis of few-shot wind power forecasting based
on Moirai fine-tuning

Based on our experimental experience, when the number of
training samples is less than one month, the accuracy of ultra-
short-term wind power forecasting is generally low, and it is diffi-
cult to meet the forecasting demand in actual operation. Therefore,
to evaluate the performance of Moirai on few-shot datasets with
different numbers of training samples, the original dataset is
divided into five scenarios as shown in Table 1, with the number
of training samples gradually increasing from 3 to 30 d. Ultra-
short-term wind power forecasting is conducted, with the input
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historical sequence length T set to 48 points (12 h) and the fore-
casting sequence length P set to 16 points (4 h).

The entire layer parameters of the Moirai LTSM are fine-tuned
using the few-shot training samples from the five cases mentioned
above, and testing is conducted on the 2022 data. To fully evaluate
the effectiveness of the proposed method, the following compar-
ison methods are set.

LSTM. Traditional supervised learning method, directly training
the LSTM deep neural network using the limited training samples
and tests it on the 2022 data.

Transformer. Traditional supervised learning method, directly
training the Transformer deep neural network using the limited
training samples and tests it on the 2022 data.

It is worth noting that in the case of limited sample size, we
avoid setting too many deep network layers that may lead to over-
fitting. Therefore, the LSTM model we used consisted of one layer
of recurrent units: First, historical power data was raised to the
dimension of the hyperparameter vector (d_model) through linear
mapping, then input into a single-layer LSTM, and finally returned
to one-dimensional power forecasting through linear projection.
The Transformer model used consists of one encoder layer and
one decoder layer: each layer is composed of multi-head self-
attention and a feedforward network. The historical power
sequence is linearly mapped to d_model dimensions and position
encoding is added before being fed into the encoder and decoder.
The decoder output is mapped back to a single-dimensional power
value through a linear layer and Tanh activation. Both models were
evaluated using a grid search method for hyperparameter opti-
mization. The hyperparameter settings are shown in Appendix
Table S1.

To make the forecasting results more intuitive and avoid ran-
domness, the average forecasting results of each method are
obtained by independently running each method 20 times on 12
wind farms, as shown in Table 2.

From Table 2, it can be seen that as the training sample size
increases from 3 to 30 d, the forecasting performance of the pro-
posed Moirai fine-tuned few-shot wind power forecasting method
generally shows a gradual upward trend, while the traditional
supervised learning methods, LSTM and Transformer, exhibit a
more significant performance improvement. It is worth noting that
the proposed method has a significant advantage with very small
sample sizes: when the training sample sizes are 3, 5, and 10 d,
the proposed method’s forecasting Acc is 6.88%, 4.45%, and 1.95%
higher than the LSTM method, respectively, and 8.76%, 4.34%,
and 0.63% higher than the Transformer method, respectively.
When the sample size exceeds 15 d, the Transformer model, by
fully learning the local time-series mapping relationships, signifi-
cantly improves in forecasting accuracy and surpasses the pro-
posed method. However, the proposed Moirai fine-tuned few-
shot wind power forecasting method, constrained by the general
features learned from pretraining, shows a more gradual increase
in accuracy.

This trend indicates that the Moirai model, through pretraining
on the large-scale time series dataset LOSTA, has acquired general
time-series representation prior knowledge. When the sample size
is below 15 d, it effectively mitigates the overfitting issue caused

Table 1
Five case settings.

Case Training dataset

1 2021.12.29-2021.12.31 (3 d)
2 2021.12.27-2021.12.31 (5d)
3 2021.12.22-2021.12.31 (10 d)
4
5

Testing dataset

2022.1.1-2022.12.31
2022.1.1-2022.12.31
2022.1.1-2022.12.31
2022.1.1-2022.12.31
2022.1.1-2022.12.31

2021.12.17-2021.12.31 (15d)
2021.12.2-2021.12.31 (30 d)
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by data scarcity through fine-tuning. However, as the sample size
increases, its general features are gradually surpassed by the
extensive training of traditional supervised learning models, which
better capture the target wind farm’s forecasting patterns. The
experimental results validate the effectiveness of the proposed
Moirai fine-tuned few-shot wind power forecasting method in
extremely small sample scenarios. Through the synergy of trans-
ferring general time-series knowledge from the large-scale dataset
and targeted fine-tuning for the specific wind farm, it achieves
high-accuracy wind power forecasting under limited sample
conditions.

To further demonstrate the generalization performance of the
proposed method across different target wind farms, Figs. 4 and
5 present the forecasting accuracy comparison of 12 wind farms
under three different methods, using the Acc results from Case 1
and Case 2 as examples. As shown in Figs. 4 and 5, when the
amount of training data is limited to 3 and 5 d, traditional super-
vised learning methods based on LSTM and Transformer struggle
to perform well on each wind farm due to their heavy reliance
on large amounts of historical data. Their forecasting performance
is poor and highly unstable across different wind farms. Although
the proposed method exhibits relatively lower performance on
Wf1, Wf3, and Wf11 in Case 2, it achieves significantly better
results on most wind farms compared to the other methods and
maintains more consistent performance across different wind
farms. These findings further demonstrate the strong generaliza-
tion capability of the proposed few-shot wind power forecasting
method based on Moirai fine-tuning in modeling multi-source
temporal features, offering a universal solution for power forecast-
ing in newly built or data-scarce wind farms.

3.4. Performance analysis of zero-shot wind power forecasting based
on Moirai re-pretraining

To evaluate the zero-shot forecasting capability of the large
wind power forecasting foundation model built by re-pretraining
Moirai on a large-scale heterogeneous wind power dataset, we
use the 2022 data from 12 wind farms as the test set and directly
perform ultra-short-term and short-term wind power forecasting
on the pretrained model foundation. Specifically, for ultra-short-
term wind power forecasting, the input historical sequence length
T is 48 points (12 h), and the forecasting sequence length P is 16
points (4 h); for short-term wind power forecasting, the input his-
torical sequence length T is 480 points (5 d), and the forecasting
sequence length P is 16 points (1 d).

To validate the effectiveness of the proposed zero-shot wind
power forecasting method based on the large wind power forecast-
ing foundation model, we set the baseline method as follows:
directly using the Moirai LTSM pretrained only on the large-scale
open time series dataset LOSTA to perform zero-shot wind power
forecasting, with the 2022 data from the 12 wind farms serving
as the test set. The ultra-short-term and short-term wind power
forecasting results of the two methods are presented in Table 3.

As shown in Table 3, the proposed zero-shot wind power fore-
casting method based on Moirai re-pretraining significantly out-
performs the baseline model pretrained only on the large-scale
open time series dataset LOSTA across both ultra-short-term and
short-term forecasting horizons. For ultra-short-term zero-shot
forecasting, the proposed method achieves an average Acc of
86.57%, Pasr of 91.66%, and an RMSE of 0.14. Compared to the base-
line, this represents improvements of 1.47% and 1.66% in Acc and
Pasr, respectively, and a reduction of 0.01 in RMSE. Notably, the
forecasting performance even surpasses that of traditional
Transformer-based supervised learning methods trained with 15
d of historical data. For short-term zero-shot forecasting, the pro-
posed method achieves an average Acc of 77.59%, a Pasr of
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Table 2
Average forecasting results on 12 wind farms of each method.
Case Acc (%) Pasr (%) RMSE
Ours LSTM Transformer Ours LSTM Transformer Ours LSTM Transformer
1 85.50 78.62 76.47 90.52 70.69 66.98 0.15 0.25 0.27
2 85.46 81.01 81.12 90.30 75.80 75.77 0.15 0.23 0.23
3 86.21 84.26 85.85 91.34 80.78 83.81 0.14 0.19 0.17
4 85.97 84.39 86.12 91.10 81.53 84.35 0.14 0.18 0.17
5 86.49 85.85 89.21 91.71 84.60 90.12 0.14 0.17 0.13

Wf2

Wf4 Wf5 Wf6

Wf3
Wf9

Wi8

Wf10 Wf11 W12

N [STM WM Transformer WM Ours

Fig. 4. Comparison chart of forecasting accuracy for 12 wind farms under three methods in Case 1. Wf: wind farm.

WH1 Wi2

Wf4 Wf5 Wf6

Wf3
Wf9

BN [STM ®m Transformer WM Ours

Wf7 Wf8

W10 Wf11 Wf12

Fig. 5. Comparison chart of forecasting accuracy for 12 wind farms under three methods in Case 2.

78.62%, and an RMSE of 0.22, improving upon the baseline by 1.29%
and 1.97%, respectively, with the RMSE reduced by 0.02. Except for
Wf12 in the short-term forecasting, which performs slightly worse
than the baseline model, the proposed method achieves significant
improvement in the remaining 11 wind farms, with the Acc of
most of the farms improved by more than 1% compared with the
baseline method. In addition, the performance improvements
under various terrains and turbine types are relatively consistent,
and no obvious trend of superiority or inferiority is seen under a
certain scenario, indicating that the constructed large wind power
forecasting foundation model is able to cross different terrains and
turbine types, and achieve a good generalization ability.

To make the forecasting results more intuitive, we plot both
ultra-short-term and short-term wind power forecasting curves

~

for Wf1l and Wf2, each showing 96 points from a randomly
selected day. From the Figs. 6(a)-(b), it is clear that the baseline
method’s curves show reverse jumps that deviate from the true
power downtrend, and although our method occasionally has
small reverse jitters, the magnitude is significantly smaller. In
Fig. 7(b), the real power decreases rapidly in the first half of the
curve, and our method is able to fit this trend faster, while the
baseline method curve has a decreasing direction, but the curve
decreases more slowly and with a significant lag, leading to a larger
deviation. It’s all because of the baseline model—pretrained on the
large-scale open time series dataset LOSTA—was not optimized for
wind farm scenarios and cannot accommodate task-specific fea-
tures such as sudden wind-speed jumps and turbine start-stop
events. Furthermore, the baseline model is highly sensitive to local
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Table 3
Zero-shot ultra-short-term and shot-term wind power forecasting performance under two methods.
Item Ultra-short-term Short-term
Acc (%) Pasr (%) RMSE Acc (%) Pasr (%) RMSE
Wf1
Ours 81.18 84.98 0.19 70.32 61.14 0.30
Baseline 78.79 82.40 0.21 68.96 61.98 0.31
Wf2
Ours 87.21 92.82 0.13 78.97 83.55 0.21
Baseline 85.65 90.73 0.14 77.35 79.61 0.23
Wf3
Ours 82.37 86.75 0.18 69.75 67.68 0.30
Baseline 80.71 84.92 0.19 68.04 63.92 0.32
Wf4
Ours 96.40 99.93 0.04 93.08 99.10 0.07
Baseline 96.09 99.93 0.04 92.77 98.87 0.07
Wf5
Ours 83.50 89.34 0.17 70.92 71.16 0.29
Baseline 82.24 87.75 0.18 69.45 68.34 0.31
wf6
Ours 85.50 90.76 0.15 77.34 79.47 0.23
Baseline 83.68 88.05 0.16 75.71 75.07 0.24
WfF7
Ours 87.73 93.44 0.12 78.17 79.53 0.22
Baseline 86.63 92.20 0.13 76.91 77.61 0.23
Wf8
Ours 85.30 90.63 0.15 77.23 79.28 0.23
Baseline 83.93 88.67 0.16 76.73 76.54 0.23
Wwf9
Ours 90.43 96.45 0.10 84.11 88.07 0.16
Baseline 89.42 95.26 0.11 82.02 85.96 0.18
Wf10
Ours 87.96 93.88 0.12 82.35 86.65 0.18
Baseline 85.87 92.17 0.14 81.58 85.39 0.18
WfF11
Ours 84.45 89.12 0.16 76.01 76.36 0.24
Baseline 83.21 87.24 0.17 73.14 73.10 0.27
WfF12
Ours 86.17 91.86 0.14 72.86 71.49 0.27
Baseline 85.02 90.63 0.15 72.93 73.45 0.27
Mean
Ours 86.57 91.66 0.14 77.59 78.62 0.22
Baseline 85.10 90.00 0.15 76.30 76.65 0.24
10 1.0
— Ours —— Ours
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Fig. 6. Zero-shot ultra-short-term wind power forecasting curves with different methods: (a) Wf1 and (b) Wf2.

noise anomalies, causing the baseline forecasts to exhibit high-
frequency, irregular oscillations, with some forecasted values even
exceeding the normalized range of 0-1. In contrast, our proposed
method closely follows the true power trends in both ultra-
short-term and short-term forecasts, with markedly reduced
fluctuation amplitudes. This demonstrates that by re pretraining
Moirai on a large scale heterogeneous wind power dataset, the
model acquires prior knowledge of the nonlinear temporal dynam-
ics of power output, equipment capacity constraints, and seasonal

cycles, thereby improving its robustness when forecasting for
downstream, previously unseen wind farms.

The above results not only demonstrate the overall improve-
ment in zero-shot forecasting accuracy brought by the proposed
Moirai re-pretraining approach, but also verify the strong
adaptability and robustness of the constructed large wind power
forecasting foundation model across downstream wind farms with
varying geographical locations, meteorological conditions, and tur-
bine configurations. Thanks to the cross-task mixed training strat-
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Fig. 7. Zero-shot short-term wind power forecasting curves with different methods: (a) Wf1 and (b) Wf2.

egy and dynamic sliding window mechanism employed during re-
pretraining, as well as Moirai’s architectural designs such as multi
patch size projection layers and any-variate attention, the resulting
model foundation can flexibly adapt to different time frequencies,
input-output sequence lengths, and numbers of forecasting vari-
ables. This endows the model with strong engineering applicabil-
ity, providing a reliable solution for zero-shot wind power
forecasting in practical engineering scenarios.

3.5. Computational resources analysis

All experiments were conducted on two platforms. The few-
shot fine-tuning of Moirai and its re-pretraining ran on a CentOS 7.8
high performance computing (HPC) cluster with Intel Xeon Plat-
inum central processing units (CPUs), 320 GB random access
memory (RAM) and four NVIDIA Tesla V100 graphics processing
units (GPUs). Both the Moirai model testing and baseline train-
ing/testing were performed on a Windows 10 workstation
equipped with an Intel Core i5 CPU, NVIDIA RTX 4060 GPU and
16 GB RAM.

The computational cost of neural networks can be divided into
training and testing phases. Once a network is well trained, its
inference cost is minimal and typically negligible. Under optimal
parameter settings, the processing times for the Moirai LTSM-
based wind power forecasting method during the fine-tuning and
re-pretraining stages are shown in Table 4. In the fine-tuning stage,
the training times for the 12 wind farms across Cases 1-5 exhibit
no significant variation; for clarity and brevity, only the average
time is reported.

4. Conclusions

As wind power is integrated at scale and new power system
architectures advance, the importance of high-accuracy wind
power forecasting for grid dispatch and energy absorption grows
ever more pronounced. To address the inability of traditional deep
neural network models to handle newly built or expanded wind

Table 4
Computational time for Moirai fine-tuning and re-pretraining stages.

Stage Case Computational time
Fine-tune Case 1 (Section 3.3 2:48
Case 2 (Section 3.3 2:29

)
)
Case 3 (Section 3.3) 2:24
)
)

Case 4 (Section 3.3 3:24
Case 5 (Section 3.3 3:43
Re-pretraining Case in Section 3.4 128:34:21

farms with limited or no historical power data, we propose a wind
power forecasting method based on the Moirai LTSM, exploring
both few-shot and zero-shot scenarios. For wind farms with few
historical data points, we introduce a few-shot wind power fore-
casting method via Moirai fine-tuning, using the Moirai model
parameters pretrained on LOSTA as initialization and fine-tuning
them on the target farm’s limited samples. For target farms com-
pletely lacking historical observations, we propose a zero-shot
wind power forecasting method via Moirai re-pretraining, likewise
initializing all layers with the original Moirai parameters and re-
training them on our constructed large-scale heterogeneous wind
power dataset to build a large wind power forecasting foundation
model. Experimental results show that:

Efficient forecasting in the few-shot scenario. By leveraging
Moirai’s pretraining on the large-scale time series dataset LOSTA
and applying targeted fine-tuning on the target wind farm, the pro-
posed method significantly mitigates overfitting under few-shot
conditions and achieves high-accuracy few-shot wind power fore-
casting. When the training sample size falls below 15 d, this
Moirai-based few-shot forecasting method markedly outperforms
traditional supervised learning approaches built on deep neural
network models.

Substantial improvement in the zero-shot scenario. By re-
pretraining Moirai on a heterogeneous dataset covering 553 wind
farms, the resulting large wind power forecasting foundation
model demonstrates exceptional cross-scenario generalization
under zero-shot conditions. In the ultra-short-term forecasting
task, it achieves an average Acc of 86.57%, a 1.47% improvement
over the baseline model; in the short-term forecasting task, it
attains an average Acc of 77.59%, representing a 1.29% increase
over the baseline.

Universality and scalability of the technical approach. The
proposed framework integrates architectural innovations such as
multi patch size projection layers and any-variate attention mech-
anism, along with training strategies including dynamic sliding
windows and cross-task mixed training, to flexibly handle varying
temporal resolutions, input sequence lengths, forecasting horizons,
and numbers of variables. Beyond wind power forecasting, it can
also be extended to photovoltaic and load forecasting tasks, pro-
viding a versatile foundation for renewable energy time-series
prediction.

To further enhance wind power forecasting performance based
on the Moirai LTSM and reinforce its practical significance, future
research may proceed along two directions: (D Incorporate numer-
ical weather prediction data as dynamic covariates alongside
historical wind power data when re-pretraining, fine-tuning and
performing final forecasting with the Moirai LTSM. @ In the re pre-
training stage, rather than limiting the data to wind power alone,
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incorporate solar and load measurements to construct a large s-
cale, heterogeneous renewable energy-electric load dataset. Apply
the same cross task mixed training and dynamic sliding window
strategies to build a general purpose foundation model for renew-
able energy and load forecasting with adaptive mapping
dimensions.
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