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H I G H L I G H T S

• Four explainable artificial intelligence techniques are tailored to provide interpretability for machine learning models.
• Multiple metrics are defined to evaluate the trustworthiness of the interpretability.
• Explainable artificial intelligence techniques are extensively investigated on real datasets and machine learning models.
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A B S T R A C T

Advanced artificial intelligence (AI) models typically achieve high accuracy in wind power forecasting, but their 
internal mechanisms lack interpretability, which undermines user confidence in forecast value and strategy 
execution. To this end, this paper aims to investigate the interpretability of AI models, which is crucial but 
usually overlooked in wind power forecasting. Specifically, four model-agnostic explainable artificial intelligence 
(XAI) techniques (i.e., Shapley additive explanations, permutation feature importance, partial dependence plot, 
and local interpretable model-agnostic explanations) are tailored to provide global and instance interpretability 
for AI models in wind power forecasting. Then, several metrics are proposed to evaluate the trustworthiness of 
interpretations provided by XAI techniques. Simulation results demonstrate that the proposed XAI techniques can 
not only identify important features from wind power datasets, but also enable the understanding of the 
contribution of each feature to the forecast power output for a specific sample. Furthermore, the proposed 
evaluation metrics aid users in comprehensively assessing the trustworthiness of XAI techniques in wind power 
forecasting, enabling them to judiciously select suitable XAI techniques for their AI models.

1. Introduction

Wind power is a highly effective renewable energy source for power 
generation in smart grids. The integration of wind power has surged 
globally over the past few decades [1]. In 2022, wind power generation 
in Switzerland increased by 5 % compared to the previous year. How
ever, unlike traditional electricity generation (e.g., thermal power 
generation), wind power is subject to uncertainties [2]. To ensure the 
secure operation of power systems, it is imperative to forecast wind 
power accurately, particularly with the increasing integration of wind 
power.

Extensive studies have been conducted on wind power forecasting, 
and mainstream methods can be broadly classified into three major 
groups [3]: physical models, statistical models, and artificial intelligence 
(AI) models.

As far as the physical model is concerned, numerical weather pre
diction (NWP) data and environmental parameters like terrain features, 
are fed to complicated physical models to estimate wind speeds around 
blades. Then, wind power can be calculated by using the wind power 
curve, which maps the wind speed to power output with a wind power 
coefficient [4]. Despite the potential benefits of physical models for 
medium-term and long-term forecasting, they are hindered by 
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computational complexity.
Regarding statistical models, the widely used methods in wind power 

forecasting involve linear regression, persistence model, autoregressive 
model, moving-average model, and gray model. For example, the work 
in [5] combines a seasonal moving average model with neural networks 
to capture the latent features of offshore wind power generation. In [6], 
a genetic algorithm is used to determine the optimal parameters of the 
gray model, which forecasts wind power and hydro power. To forecast 
the wind power of multiple wind farms, an autoregressive model is 
presented in [7] to account for the spatial dependencies in time series. 
Generally, statistical models are cost-effective for wind power fore
casting, but their accuracy is relatively limited, especially at long look- 
ahead times.

Recently, there has been a surge of interest in the application of AI 
models for wind power forecasting. A few AI models (e.g., regression 
tree and k-nearest neighbors) are considered as glass-box models [8], 
meaning that their internal workings and decision-making processes are 
transparent and interpretable. However, these transparent AI models 
may not effectively model or extract intricate non-linear relationships. 
This limitation results in suboptimal performance, especially when 
dealing with complex wind power time series and NWP data. To improve 
the forecasting accuracy, recent publications have proposed more 
advanced and complex AI models [9], such as random forest, temporal 
convolutional network, transformer neural network, multi-layer 
perception (MLP) [10], and light gradient boosting machine 
(LightGBM) [11]. For example, to reduce forecast errors, the work in 
[12] designs an extreme gradient boosting (XGBoost) to forecast the 
short-term wind power considering extreme weather conditions. In 
[13], a long short-term memory (LSTM) and graph convolutional 
network are combined to capture spatio-temporal features from wind 
power. In [14], a gate recurrent unit (GRU) with skip connections is 
proposed to obtain the prediction intervals of wind power. Compared to 
statistical models and transparent AI models, these more recent and 
advanced AI models show superior performance. However, they are 
usually considered as black boxes, which have difficulty in under
standing their forecasting mechanisms.

The lack of interpretability in most AI models undermines user 
confidence in forecast values and strategy execution. According to the 
definition in related publications [15,16], interpretability means that 
the user knows the contribution of each feature to the forecasts. To 
ensure the security and transparency of decision-making in power sys
tems, it is crucial to address the interpretability of AI models. In fact, 
analogous challenges have been explored outside wind power fore
casting but within the broader field of artificial intelligence [17]. For 
example, the work in [18] uses Shapley values to determine influential 
attributes of images. To increase the transparency of graph neural net
works in text categorization, a local interpretable model-agnostic 
explanation (LIME) is presented to provide interpretability [19]. In 
[20], sensitivity analysis, fidelity correlation and monotonicity metrics 
are used to evaluate the explainable artificial intelligence (XAI) tech
niques. In [21], the explanatory significance assessment is presented to 
evaluate the accuracy and spatial precision of different XAI techniques. 
In [22], both problem specific and agnostic evaluation metrics are 
developed to interpret a model. However, these works mainly focus on 
computer vision or text categorization, and the interpretability of AI 
models in wind power forecasting has barely been explored. Moreover, 
most works pay attention to providing interpretability for the behavior 
of AI models, but the trustworthiness of the interpretation remains an 
issue. In other words, it is difficult to determine whether the interpre
tation can be trusted.

In response to the above limitations, this paper aims to answer the 
following two research questions: 1) how to extend the XAI techniques 
from computer vision into wind power forecasting? 2) How to evaluate the 
trustworthiness of interpretation provided by XAI techniques for AI models in 
wind power forecasting.

In particular, four model-agnostic XAI techniques are tailored to 

provide interpretability for wind power forecasting, and then several 
metrics are proposed to evaluate the trustworthiness of interpretations. 
The proposed XAI techniques in this paper have two advantages over 
previous studies. Firstly, while most studies focus on developing 
advanced AI models that lack interpretability, the XAI techniques pro
posed in this paper provide interpretability for these AI models. Sec
ondly, the evaluation of XAI techniques has been overlooked in many 
studies, whereas the second advantage of this paper is that the proposed 
metrics effectively evaluate the trustworthiness of different XAI tech
niques. The key contributions are as follows:

• Four XAI techniques are reformulated to be tailored to provide 
interpretability for AI models (i.e., black boxes) in wind power 
forecasting, from both global interpretability and instance inter
pretability. Also, these XAI techniques are made applicable to a va
riety of AI models in wind power forecasting, as they are model- 
agnostic.

• Four metrics are proposed to evaluate the trustworthiness of the 
interpretation provided by XAI techniques a topic that is barely 
explored in wind power forecasting.

• The XAI techniques are extensively investigated and evaluated on 
real datasets and AI models in wind power forecasting.

The remaining sections are organized as follows. Section 2 formu
lates four XAI techniques for AI models in wind power forecasting. 
Section 3 presents four metrics to evaluate the trustworthiness of in
terpretations provided by these XAI techniques. Simulation and analysis 
are performed in Section 4. Lastly, Section V draws the conclusions.

2. Explainable artificial intelligence techniques

In this section, four XAI techniques are set up and tailored to provide 
both global interpretability and instance interpretability of the AI 
models. Global interpretability means that the user knows the average 
contribution (i.e., feature importance) of each feature to forecast over all 
the samples. In other words, global interpretability represents the 
average importance of each feature in the dataset, which plays an 
important role in feature engineering.

On the other hand, the instance interpretability means that the user 
knows the contribution of each feature to the forecast value for a given 
sample. For different samples, the features determining the wind power 
output may vary. For instance, at low wind speeds, the wind speed may 
play a dominant role in influencing wind power output. However, when 
the wind speed is between the rated wind speed and the cut-off wind 
speed, other features, such as wind direction, may become more influ
ential. In contrast to global interpretability that focuses on overall and 
average trends, instance interpretability can reveal the importance of 
each feature to forecasts for a specific sample.

The following sections will tailor four XAI techniques, including 
Shapley additive explanations (SHAP) [18], permutation feature 
importance (PFI) [23], partial dependence plot (PDP) [24], and LIME 
[19], to provide interpretability for AI models in wind power fore
casting. The selection of these four XAI techniques is motivated by two 
factors. First, their effectiveness has been well established in the broader 
field of XAI, ensuring significant application potential in the field of 
wind power forecasting. Second, these techniques provide comprehen
sive coverage of different interpretability needs. For example, as shown 
in Fig. 1, SHAP provides both global and instance interpretability, while 

Fig. 1. The classification of four XAI techniques.
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PDP and PFI primarily provide global interpretability and LIME focuses 
on instance interpretability.

A. PFI

As shown in Fig. 2, the PFI technique measures the feature impor
tance by calculating the average difference in the forecast errors after 
permuting the feature [23]. If the model is highly dependent on a 
permuted feature, then the forecast errors will change significantly. 
Conversely, permuting a feature that is not important will not change 
the forecast errors of AI models.

First of all, an AI model (e.g., neural networks or tree models) is 
trained by using the original features, and then its average forecast error 
on the test set is evaluated by error metrics, such as mean square error 
and mean average error: 

eori = G(Y,AI(Xori) ) (1) 

where eori represents average forecast errors based on the original 
feature Xori; Y represents real values; AI(Xori) represents forecast values; 
G is a function to calculate the error metric.

Next, the feature i in the dataset is permuted to obtain the permuted 
feature Xper,i, which serves as inputs of AI models to get the average 
forecast errors again: 

eper,i = G
(
Y,AI

(
Xper,i

) )
(2) 

where eper,i represents average forecast errors based on the permuted 
feature.

Lastly, the average difference between forecast errors eori and eper,i is 
considered as the importance of the feature i: 

FIi =
⃒
⃒eper,i − eori

⃒
⃒ (3) 

where FIi represents the average importance of the feature i.

B. LIME

As shown in Fig. 3, the LIME technique generates a set of perturbed 
samples near the sample to be interpreted, and then employs an inter
pretable glass-box model (e.g., linear model) to fit the AI model. In this 
case, the interpretable glass-box model is trained on the perturbed 
samples to provide insight into how each feature contributes to the 
forecasts for the specific sample under consideration [19].

Initially, an AI model (e.g., neural networks or tree models) is trained 
by using the original dataset.

Then, a specific sample X to be interpreted is selected. For example, a 
sample whose forecast error is large arouses the user’s interest. A set of 
perturbed samples (X̃1, X̃2,…, X̃n) near this selected sample are gener
ated by applying small random perturbations to each feature of this 
selected sample X.

After that, the perturbed samples (X̃1, X̃2,…, X̃n) are fed into the AI 
model and an interpretable glass-box model (e.g., linear model) to get 
their forecast values (AI(X̃1) ,AI(X̃2) ,…,AI(X̃n) )and(IM(X̃1) , IM 

(X̃2) ,…, IM(X̃n) ), respectively. IM represents an interpretable glass-box 
model. To provide insight into how each feature contributes to the 
forecasts for the specific sample, the interpretable glass-box model is 
trained to fit the AI model by minimizing their differences: 

argmin
∑n

i=1
L(AI(X̃i) , IM(X̃i) ) (4) 

where L represents a loss function, such as mean square error.
Finally, the weight of the interpretable glass-box model can be used 

to understand the behavior of the AI model on this selected sample. In 
other words, the weights of the interpretable glass-box model help users 
know how each feature contributes to the forecasts.

C. PDP

The PDP can effectively reveal the nature of the association between 
the target variable (i.e., wind power) and a specific feature by visual
izing the selected features and forecast value (i.e., wind power). Nor
mally, the partial dependence function ̂f for wind power forecasting can 
be formulated as: 

f̂ S(XS) = EXC [ f̂ (XS,XC) ] (5) 

where XS represents the selected feature you are interested in (normally, 
the set S only includes one or two features); XC represents the remaining 
features; EXC represents the expectation with respect to XC; and f̂ rep
resents an AI model.

The essence of partial dependence is to marginalize the output of an 
AI model across the distribution of features in set C. This process enables 
the depiction of the connection between the features in set S, which is 
our focus, and the forecast value. By marginalizing the effects of the 
remaining features, we can obtain a function that depends solely on the 
features in set S, including their interactions with other features.

Further, the Monte Carlo method is adapted to approximate the 
above partial dependence function with training set [24]. This involves 
randomly sampling from the training set to approximate the expected 
value the AI model’s output, thereby providing an estimation of the 
partial dependence function: 

f̂ S(XS) =
1
N
∑N

i=1
f̂
(
XS,Xi

C
)

(6) 

where N is the number of training samples; and Xi
C is the feature of the 

sample i in set C.
The PDP provides insight into the average marginal effect on the 

forecast value (i.e., wind power) for selected features. It tells us how 
changes in the features within set S affect the overall forecast results.

For example, we use the PDPs to reveal the nature of the association 
between the wind power and a specific feature when employing an MLP 
to forecast wind power on the dataset from GEFCom 2014 [25]. Fig. 4
shows the PDPs between wind power and selected features (e.g., wind 
speed and direction at 100 m).Fig. 2. A visual explanation of how to calculate the average feature importance 

with the PFI technique.

Fig. 3. A visual explanation of how to calculate the feature importance for a 
specific sample with the LIME technique.
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The initial increase in wind power output with increasing wind speed 
is evident from the PDPs. However, as the wind speed continues to in
crease, there comes a point at which the turbines reach their rated 
operational capacity, resulting in a fixed wind power output. This 
complex interplay between wind speed and wind power output as 
revealed by the PDP shows the physical characteristics inherent in the 
wind power curve.

Similarly, as the wind direction increases, there is an initial increase 
followed by a subsequent decrease in wind power output. In particular, 
the wind power output reaches its maximum when the wind direction is 
around 0.3. This phenomenon is attributed to the directional charac
teristics of the wind and its effect on the efficiency of the wind turbines. 
The initial increase in wind power output may be due to the optimal 
layout of the turbines with regard to the prevailing wind direction, 
resulting in decreased overall wake loss. However, as the wind direction 
continues to change, deviations from the optimal layout may occur, 
leading to a reduction in wind power output.

While direct quantitative measures of feature importance cannot be 
obtained from PDP, the slopes of the curves serve as indicative measures 
of feature importance. To measure the importance of a feature, we 
divide the PDP curve into m intervals, and compute the slope of each 
interval, and take average, which represents the feature importance: 

SLi =
PDPi+1 − PDPi

xi+1 − xi
, i = 1, 2,…m (7) 

FIi =
1
m
∑m

i=1
|SLi| (8) 

where SLi represents the slope of the interval i; and PDPi represents the 
wind power when the feature value is xi in the PDP curve.

D. SHAP

The SHAP estimates the feature importance by weighing and 
combining their contributions to all combinations with other features 
[18]: 

FIi =
∑

S⊆{1,2,…,N}\{i}

(N − |S| − 1 )!|S|!
N!

(AI(S ∪ {i} ) − AI(S) ) (9) 

where N is the number of features; S is a subset of the features; and AI(S) 
is the forecast power output using the features as inputs in set S.

In practice, the feature importance is usually calculated by using 
approximation techniques (e.g., Gaussian kernel-based SHAP), because 
the consideration of all the feature combinations in Eq. (9) would 
impose a significant computational burden [18]. Note that the Gaussian 
kernel-based SHAP is model-agnostic, and thus can be used in different 
AI models, such as neural networks and tree models. Specifically, the 
Gaussian kernel can be formulated as follows: 

K
(
xi, xj

)
= exp

(⃦
⃦xi − xj

⃦
⃦2

− 2σ2

)

(10) 

where K(⋅) is the Gaussian kernel between feature xi and feature xj, in 
which bandwidth parameter is σ.

Then, the Gaussian kernel is applied to Eq. (9) to obtain a Gaussian 
kernel-based feature importance: 

FIi =
∑

S⊆{1,2,…,N}\{i}

K(S, Ŝ)
Z

(AI(S ∪ {i} ) − AI(S) ) (11) 

where Ŝ is a randomly sampled subset from the feature set; and Z is a 
normalization term that ensures the weights of all sampled subsets sum 
to 1.

In addition to the Gaussian kernel, there are other kernels (e.g., the 
tree kernel and the deep kernel designed for tree models and neural 
networks) that can also estimate the feature importance, and more de
tails can be found in [18].

3. Evaluation metrics

Section II tailors four XAI techniques to provide interpretability for 
AI models, but it is still difficult to determine whether the interpretation 
to AI models can be trusted. Therefore, this section proposes four metrics 
to evaluate the trustworthiness of interpretations provided by XAI 
techniques for AI models in wind power forecasting.

(1) The construction of real feature importance across all the 
samples (i.e., real global interpretability)

As previously mentioned, global interpretability means that the user 
knows the average feature importance across all samples. In other 
words, the output of XAI techniques for global interpretability is a 
vector, representing the average feature importance. Before evaluating 
the average feature importance provided by the XAI techniques, it is 
necessary to define the real feature importance. Note that the calculation 
of real importance to be defined below is time-consuming and tedious, 
especially when dealing with a large number of features. This is one of 
the reasons why affordable XAI techniques are needed.

For wind power forecasting, we can define the real feature impor
tance by iteratively removing each feature (i.e., feature ablation). As 
shown in Fig. 5, we first train an AI model with all features, and obtain 
the forecast error on the test set. Then, we systematically remove each 
feature, and retrain the model with the remaining features to measure 
the forecast error on the test set again. The difference between the two 
forecast errors indicates the importance of the removed feature. A larger 
gap indicates higher importance.

(2) The construction of real feature importance for a given spe
cific sample (i.e., real instance interpretability)

Similarly, the output of XAI techniques for instance interpretability is 
also a vector, representing the feature importance for a specific sample. 

Fig. 4. The PDPs between wind power, wind speed, and wind direction.

Fig. 5. A visual explanation of feature ablation.
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Before evaluating the feature importance provided by the XAI tech
niques, it is necessary to define the real feature importance for this 
specific sample.

For wind power forecasting, we can define the real feature impor
tance for a specific sample by introducing small perturbations. As shown 
in Fig. 6, we feed the specific sample into an AI model to obtain the 
forecast error. To analyze the importance of feature i, we keep other 
features fixed and inject small perturbations to feature i, generating a 
series of new samples around the original one. Subsequently, we feed 
these new samples into the AI model to obtain their average forecast 
errors. The difference between the average forecast error of the new 
samples and the forecast error of original sample is considered the 
importance of feature i for the specific sample. If feature i is unimpor
tant, the error change after introducing small perturbations will be 
minimal. Conversely, if feature i is important, the change in error will be 
significant.

(3) The evaluation of the feature importance

After defining the real feature importance, the normalized mean 
squared error (NMSE) and normalized mean absolute error (NMAE) can 
be used to measure the difference between real feature importance and 
the estimated feature importance provided by the XAI techniques: 

NMSE =
1
M
∑M

i=1

(
FIreal,i − FIxai,i

)2 (12) 

NMAE =
1
M
∑M

i=1

⃒
⃒FIreal,i − FIxai,i

⃒
⃒ (13) 

where M is the number of features; FIreal,i is the real importance of 
feature i; and FIxai,i is the estimated importance of feature i provided by 
the XAI techniques.

In addition to evaluating the difference in feature importance, wind 
power forecasting is also concerned with the ranking of the feature 
importance. Therefore, we employ Kendall rank correlation (KRC) co
efficient and Spearman rank correlation (SRC) coefficient to evaluate the 
difference between the real and generated rankings [26]: 

KRC =
nc − nd

0.5M(M − 1)
(14) 

SRC = 1 −
6
∑M

i=1d2
i

M
(
M2

s − 1
) (15) 

where nc and nd are the numbers of concordant and discordant pairs, 
respectively; and di is the difference in ranking for the feature i.

The smaller the NMSE and NMAE, the more trustworthy the inter
pretability provided by XAI techniques. The larger the KRC and SRC, the 
more trustworthy the interpretability provided by the XAI techniques.

4. Case study on datasets from GEFCom 2014

A. Simulation Settings

To investigate the global interpretability and instance interpret
ability of the AI models in wind power forecasting, simulations are 
conducted on a publicly available wind power dataset from GEFCOM 

2014 [25]. The time resolution is 1 h, and the look-ahead time is 24 h. 
The features of the AI models include the forecast values (i.e., NWP data) 
of wind speed at 10 m (WS10), wind direction at 10 m (WD10), wind 
speed at 100 m (WS100), and wind direction at 100 m (WS100). The 
dataset spans from January 2012 to December 2013.

The first 80 % of the data is used as the training set, the following 10 
% is used as the validation set, and the last 10 % is designated as the test 
set. In addition, we will test the interpretability of the AI models, 
including neural networks (e.g., MLP in [10], LSTM in [13], and GRU in 
[14]) and tree models (e.g., LightGBM in [11], XGBoost in [12], and 
RF in [27]). Their suitable parameters are determined by using the 
Bayesian optimization in [12], and the specific structures and parame
ters of each AI model can be found in [15].

The programming language is Python. Machine learning libraries 
include TensorFlow 2.0 and scikit-learn 1.6. The computer configuration 
is as follows: Intel(R) Core(TM) i5-10210U CPU @ 1.60GHz, 8GB of 
RAM.

In the following sections, we will evaluate the effectiveness of XAI 
techniques from three perspectives: First, we will discuss the global 
interpretability of XAI techniques in Section B. Next, we will explore 
their instance interpretability in Section C. Finally, we will compare the 
time complexity of different XAI techniques in Section D.

B. Global Interpretability and Evaluation

Global interpretability means that the user knows the average 
feature importance across all samples. To observe the global interpret
ability of XAI techniques for AI models in wind power forecasting, we 
train several neural networks and tree models, including MLP, LSTM, 
GRU, RF, LightGBM, and XGBoost. Then, SHAP, PFI, and PDP techniques 
are used to estimate the average feature importance over all the samples, 
and the feature ablation technique as mentioned in Section III is adopted 
to obtain the real feature importance. Finally, Fig. 7 and Fig. 8 present 
the results.

(1) Importance Analyses of Features

For the wind power dataset from GEFCOM 2014, WS100 is the main 
factor affecting wind power forecasting, highlighting its pivotal role. 
Following closely is WD100, which also occupies a significant position, 
underlining the combined importance of both wind speed and direction 
at this altitude. However, the influence of WD diminishes when 
considering it at 10 m. WD10 retains some impact, indicating its sec
ondary role in affecting wind power forecasting. WS10 has the least 
effect, demonstrating that the wind speed at this altitude has a relatively 
minor impact on wind power forecasting.

(2) Comparison with Existing Methods

In fact, the linear regression model and Pearson correlation coeffi
cient are widely used in previous publications to estimate the average 
feature importance over all the samples [28,29]. To show the superiority 
of the proposed XAI techniques, we compare the proposed XAI tech
niques with two existing methods (e.g., linear regression model and 
Pearson correlation coefficient). In particular, the first method is to use 
the weights of each feature in a linear regression model as the feature 
importance [28]. The second method is to use the Pearson correlation 
coefficient between the feature and the output as the feature importance 
[29]. Fig. 9 presents the average feature importance over all the samples 
provided by the existing methods.

From Fig. 9, the two most important features identified by existing 
methods are WS100 and WS10, while WD100 and WD10 are considered 
unimportant. However, this differs from the real feature importance 
ranking provided by the feature ablation technique. As shown in Fig. 7
and Fig. 8, the most important feature is WS100, followed by WD100, 
WD10, and WS10. The feature importance rankings provided by the 

Fig. 6. A visual explanation of how to define the real feature importance for a 
specific sample.
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proposed XAI techniques (e.g., SHAP, PFI, and PDP) are consistent with 
the real feature importance ranking. The feature importance rankings 
provided by the proposed XAI techniques are closer to the real rankings 
compared to those provided by existing methods (i.e., linear regression 
model and Pearson correlation coefficient), indicating that the in
terpretations from the proposed XAI techniques are more reliable.

(3) Trustworthy Analyses

To quantitatively evaluate the trustworthiness of global 

interpretability provided by SHAP, PFI, and PDP techniques, we calcu
late the metrics (i.e., NMAE, NMSE, KRC and SRC) between estimated 
feature importance and real feature importance, as presented in Tables 1 
and 2.

When interpreting neural networks in wind power forecasting, the 
difference between the real feature importance and the estimated 
feature importance provided by the PFI technique is the smallest, 
resulting in the smallest MAE and MSE compared to the SHAP and PDP 
techniques in estimating feature importance. Conversely, in the case of 
tree-based models, the SHAP technique closely approximates the real 
feature importance obtained by feature ablation, followed by PDP and 
PFI techniques.

The observed discrepancy in the performance of XAI techniques 
between neural networks and tree-based models may be due to their 
inherent differences in model structure and decision processes. Neural 
networks, which are highly nonlinear and complex, may benefit more 
from the perturbation-based PFI technique, which takes into account the 
change in model performance when features are shuffled. On the other 
hand, the higher performance of the SHAP technique in tree-based 
models may be due to its ability to capture complex interactions and 
dependencies within decision trees. PDP, which provides a simpler 
approximation, may face challenges in encapsulating the nuanced re
lationships within complex models, contributing to its comparatively 
higher MAE and MSE.

Regardless of whether it is a neural network or a tree-based model, 

Fig. 7. The global interpretability of XAI techniques for neural networks in wind power forecasting.

Fig. 8. The global interpretability of XAI techniques for tree models in wind power forecasting.

Fig. 9. The feature importance provided by existing methods.
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the feature importance rankings provided by XAI techniques are entirely 
consistent with the actual rankings, as shown in Fig. 7 and Fig. 8. 
Therefore, both the KRC and SRC are equal to 1.

In summary, the PFI technique is more suitable for providing global 
interpretability for neural networks in wind power forecasting 
compared to both SHAP and PDP techniques. On the other hand, SHAP 
technique stands out as the optimal choice for producing global inter
pretability of tree models.

C. Instance Interpretability and Evaluation

Global interpretability focuses on the model behavior over all the 
samples, while instance interpretability looks at the behavior of AI 
models on a specific sample.

To observe the instance interpretability of XAI techniques for AI 
models in wind power forecasting, a sample is selected from the test set 
randomly. Then, SHAP and LIME techniques are used to estimate the 
feature importance of this selected sample, as shown in Fig. 10.

(1) Importance Analyses of Features

Regardless of the AI model used, both the SHAP and LIME techniques 
consistently identify the WS100 as the most important feature for this 
selected sample. However, there are differences in the importance 
rankings provided by the SHAP and LIME techniques for the other three 

features. For example, in terms of LSTM, the instance interpretability 
provided by SHAP suggests a descending ranking of importance for the 
features as WS100, WS10, WD100, and WD10, while the instance 
interpretability provided by LIME presents a descending ranking of 
importance as WS100, WD100, WD10, and WS10.

(2) Trustworthy Analyses

Further, to quantitatively evaluate the trustworthiness of instance 
interpretability provided by SHAP and LIME techniques, we calculate 
the metrics (i.e., NMAE, NMSE, KRC and SRC) between estimated 
feature importance and real feature importance for each sample in test 
set. The violin and box plots in Fig. 11 and Fig. 12 show probability 
distributions of four metrics for neural networks and tree models, 
respectively. Table 3 presents the average metrics.

When interpreting neural networks (i.e., MLP, LSTM, and GRU) in 
wind power forecasting, the disparity between the real feature impor
tance and the estimated feature importance provided by the SHAP 
technique is smaller than LIME technique. This results in a smaller MAE 
and MSE, along with a larger KRC and SRC. For example, after 
comparing the 2nd and 6th columns of Fig. 11(a), we see that for SHAP, 
the NMSE is mostly less than 0.2, with a median also less than 0.2. In 
contrast, for LIME, the NMSE is mostly greater than 0.2, with a median 
greater than 0.3. This indicates that the explanations for MLP provided 
by SHAP are closer to reality than those provided by LIME.

Table 1 
The evaluation metrics of global interpretability provided by XAI techniques for neural networks in wind power forecasting.

Evaluation metrics Global interpretability for MLP Global interpretability for LSTM Global interpretability for GRU

SHAP PFI PDP SHAP PFI PDP SHAP PFI PDP

NMAE 0.069 0.025 0.089 0.045 0.043 0.081 0.073 0.037 0.091
NMSE 0.007 0.001 0.012 0.003 0.003 0.008 0.008 0.002 0.009
KRC 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
SRC 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Table 2 
The evaluation metrics of global interpretability provided by XAI techniques for tree models in wind power forecasting.

Evaluation metrics Global interpretability for LightGBM Global interpretability for XGBoost Global interpretability for RF

SHAP PFI PDP SHAP PFI PDP SHAP PFI PDP

NMAE 0.033 0.076 0.076 0.011 0.094 0.028 0.010 0.080 0.026
NMSE 0.001 0.008 0.006 0.000 0.010 0.001 0.000 0.008 0.001
KRC 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
SRC 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Fig. 10. The instance interpretability of XAI techniques for AI models in wind power forecasting.
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Conversely, in the case of tree-based models (i.e., LightGBM, 
XGBoost, and RF), the LIME technique closely approximates the real 
feature importance, followed by SHAP technique. The observed 

difference in the instance interpretability provided by SHAP and LIME 
techniques for neural networks and tree-based models is similar to 
patterns in global interpretability (as seen in section B), which may be 

Fig. 11. The distribution of four metrics (i.e., NMAE, NMSE, KRC and SRC) for neural networks in wind power forecasting.

Fig. 12. The distribution of four metrics (i.e., NMAE, NMSE, KRC and SRC) for tree models in wind power forecasting.

Table 3 
The evaluation metrics of instance interpretability provided by XAI techniques for AI models in wind power forecasting.

Evaluation metrics Instance 
interpretability for 

MLP

Instance 
interpretability for 

LSTM

Instance 
interpretability for 

GRU

Instance interpretability 
for LightGBM

Instance 
interpretability for 

XGBoost

Instance 
interpretability for RF

SHAP LIME SHAP LIME SHAP LIME SHAP LIME SHAP LIME SHAP LIME

NMAE 0.320 0.359 0.334 0.342 0.335 0.340 0.375 0.344 0.382 0.346 0.396 0.360
NMSE 0.185 0.264 0.203 0.247 0.216 0.230 0.259 0.259 0.287 0.272 0.385 0.346
KRC 0.476 0.435 0.437 0.431 0.485 0.456 0.451 0.459 0.410 0.442 0.355 0.363
SRC 0.585 0.549 0.573 0.546 0.595 0.570 0.563 0.567 0.523 0.558 0.476 0.486
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due to their inherent differences in model structure and decision pro
cesses. For example, after comparing the 1st and 5th columns of Fig. 12
(b), we see that for SHAP, the median of the NMAE is greater than 0.42. 
In contrast, for LIME, the median of the NMAE is less than 0.38. This 
indicates that the explanations for XGBoost provided by LIME are closer 
to reality than those provided by SHAP.

Therefore, when interpreting neural networks, the instance inter
pretability provided by SHAP technique is more trustworthy, while 
LIME is better at interpreting tree models for a given sample.

D. Time Complexity Analysis

To analyze the computational time of the proposed XAI techniques, 
we use the RF as a simple example to perform wind power forecasting. 
Then, we employ the FPI, PDP, and SHAP to estimate the average feature 
importance. The computational times are shown in Fig. 13.

FPI, PDP and SHAP have computational times of 2.38, 38.64 and 
53.36 s respectively. FPI is the fastest and most efficient, PDP strikes a 
balance between detailed interpretations and computational time, and 
SHAP provides detailed interpretations at the cost of longer computa
tional time. The choice of technique depends on the specific re
quirements of the application, whether computational time, detail or 
depth of interpretation is the priority.

5. Case Study on Datasets From JUVENT

A. Simulation Settings

To test whether the XAI technique shows similar patterns in other 

datasets, simulations are conducted on a real wind power dataset from 
JUVENT [30]. After data preprocessing, the time resolution is 1 h, and 
the look-ahead time is 24 h. The features of AI models include the 
forecast values (i.e., NWP data) of vertical wind shear, wind direction at 
height level 6, wind speed at height level 6, kinetic energy, Mass fraction 
of cloud liquid water, and pressure. The dataset spans from January 
2017 to December 2020.

The first 80 % of the data is used as the training set, the following 10 
% is used as the validation set, and the last 10 % is designated as the test 
set. In addition, we will test the interpretability of the AI models, 
including neural networks (e.g., MLP in [10], LSTM in [13], and GRU in 
[14]) and tree models (e.g., LightGBM in [11], XGBoost in [12], and RF 
in [27]). Their suitable parameters are determined by using the Bayesian 
optimization in [12].

6. Results and discussions

To quantitatively evaluate the trustworthiness of global and instance 
interpretability provided by the XAI techniques, we calculate the metrics 
(i.e., NMAE, NMSE, KRC and SRC) between estimated feature impor
tance and real feature importance, as presented in Tables 4–6.

In the JUVENT dataset, we can find similar patterns as demonstrated 
in the wind power dataset from GEFCOM 2014. This indicates that the 
trustworthiness rankings of the XAI techniques are applicable to other 
wind power datasets as well. Specifically, for neural networks in wind 
power forecasting, the descending ranking of trustworthiness for global 
interpretability is PFI, SHAP, and PDP, while the ranking of instance 
interpretability is SHAP and LIME. As for tree models in wind power 
forecasting, the descending ranking of trustworthiness for global inter
pretability is SHAP, PDP, and PFI, while the ranking of instance inter
pretability is LIME and SHAP.

7. Conclusion

Most advanced AI models in wind power forecasting are black boxes, 
which have difficulty in understanding their decision-making mecha
nisms. To this end, four model-agnostic XAI techniques are reformulated 
to be tailored to provide interpretability for such models, and several 
indicators are proposed to evaluate the trustworthiness of in
terpretations. Simulations on real wind power datasets lead to the 
following conclusions:

The SHAP, PFI, and PDP techniques can provide global interpret
ability for AI models, which helps users identify important features in 
wind power forecasting. In addition, the SHAP and LIME techniques 
allow users to know the contribution of features to the forecast values for 
a specific sample. These XAI techniques are applicable to a variety of AI 

Fig. 13. The computational time of proposed XAI techniques.

Table 4 
The evaluation metrics of global interpretability provided by XAI techniques for neural networks in the JUVENT dataset.

Evaluation metrics Global interpretability for MLP Global interpretability for LSTM Global interpretability for GRU

SHAP PFI PDP SHAP PFI PDP SHAP PFI PDP

NMAE 0.091 0.088 0.101 0.080 0.079 0.124 0.139 0.100 0.182
NMSE 0.012 0.011 0.013 0.009 0.009 0.024 0.024 0.012 0.038
KRC 0.600 0.600 0.400 0.200 0.200 0.000 0.400 0.600 0.200
SRC 0.700 0.700 0.600 0.000 0.200 0.100 0.600 0.700 0.200

Table 5 
The evaluation metrics of global interpretability provided by XAI techniques for tree models in the JUVENT dataset.

Evaluation metrics Global interpretability for LightGBM Global interpretability for XGBoost Global interpretability for RF

SHAP PFI PDP SHAP PFI PDP SHAP PFI PDP

NMAE 0.138 0.185 0.147 0.107 0.194 0.127 0.066 0.088 0.082
NMSE 0.027 0.057 0.032 0.022 0.049 0.025 0.009 0.017 0.012
KRC 0.200 0.200 0.200 0.200 0.000 0.200 0.600 0.400 0.600
SRC 0.200 0.200 0.200 0.300 0.100 0.300 0.700 0.600 0.700
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models in wind power forecasting, as they are model-agnostic.
The proposed evaluation metrics (i.e., NMSE, NMAE, KRC and SRC) 

can help users to comprehensively evaluate the trustworthiness of XAI 
techniques in wind power forecasting.

In terms of global interpretability, the PFI technique is more suitable 
for neural networks in wind power forecasting compared to both SHAP 
and PDP techniques, while SHAP stands out as the optimal choice for 
producing global interpretability of tree models. In terms of instance 
interpretability, when interpreting neural networks, the instance inter
pretability provided by the SHAP technique is more trustworthy, while 
LIME is better at interpreting tree models for a specific sample.

Although the proposed XAI techniques (SHAP, PFI, PDP and LIME) 
have been shown to be effective in providing interpretability for AI 
models in wind power forecasting, their computational complexity can 
be a major drawback. Some XAI techniques (e.g. SHAP) are computa
tionally intensive, especially when applied to large datasets or complex 
models such as neural networks. Future research should focus on opti
mizing these techniques to reduce their computational burden without 
compromising interpretability.
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