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Investigating Black-box Model for Wind Power
Forecasting Using Local Interpretable
Model-agnostic Explanations Algorithm

Mao Yang, Senior Member, CSEE, Chuanyu Xu, Yuying Bai, Miaomiao Ma, and Xin Su

Abstract—Wind power forecasting (WPF) is important for safe,
stable, and reliable integration of new energy technologies into
power systems. Machine learning (ML) algorithms have recently
attracted increasing attention in the field of WPE. However,
opaque decisions and lack of trustworthiness of black-box models
for WPF could cause scheduling risks. This study develops a
method for identifying risky models in practical applications and
avoiding the risks. First, a local interpretable model-agnostic ex-
planations algorithm is introduced and improved for WPF model
analysis. On that basis, a novel index is presented to quantify
the level at which neural networks or other black-box models
can trust features involved in training. Then, by revealing the
operational mechanism for local samples, human interpretability
of the black-box model is examined under different accuracies,
time horizons, and seasons. This interpretability provides a
basis for several technical routes for WPF from the viewpoint
of the forecasting model. Moreover, further improvements in
accuracy of WPF are explored by evaluating possibilities of
using interpretable ML models that use multi-horizons global
trust modeling and multi-seasons interpretable feature selection
methods. Experimental results from a wind farm in China show
that error can be robustly reduced.

Index Terms—Black-box model, correlation analysis, feature
trust index, local interpretability, local interpretable model-
agnostic explanations (LIME), wind power forecasting.

I. INTRODUCTION

NSURING renewable energy accounts for a high propor-

tion of future energy consumption is the primary goal of
future power system development [1]. Wind power forecasting
(WPF) and its application to dispatching and operation have
promoted implementation of new energy technologies. WPF
can help reduce adverse effects of integration of wind power
into power systems, reduce operating cost of power grids, im-
prove operational reliability of power systems, and effectively
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ensure safety of power grids [2].

Research on WPF is of theoretical and practical significance.
Numerous studies have been conducted in this field. Existing
WPF techniques can be categorized as follows: (a) Based on
input for WPF, WPF methods can be classified as time-series
extrapolation and regression of numerical weather prediction
(NWP) data [3]. (b) Based on the time scale of WPF, WPF
methods can be classified as ultra-short-term WPEF, short-term
WPF, and mid- and long-term WPF [4]. Ultra-short-term WPF
typically corresponds to time-series extrapolation-based mod-
eling method [5]. (c) Based on the WPF modeling technique,
WPF methods can be classified as physical and statistical
methods [6]. Physical methods typically downscale NWP data
and then establish mapping relations between weather features
and power based on physical models [7]. However, owing to
their lack of historical data usage, physical methods are usually
only suitable for modeling newly constructed wind farms
(WFs) or supplying long-term forecasts of wind power [8].
Statistical methods estimate wind power by determining the
statistical pattern of historical data. Early statistical methods
include the persistence method, autoregressive moving average
method, and parametric/nonparametric regression [9]. With
emergence of high-dimensional information and big data,
intelligent learning algorithms have attracted the attention of
researchers in the field of WPF owing to their advantages in
extracting data features [10].

Since the 1970 s, intelligent systems have attracted sporadic
attention. Expert systems [11] were first to attract attention,
followed by neural networks [12] a decade later, and recom-
mendation systems post 2000 [13]. However, interpretability
of intelligent learning models has not received much attention
thus far. Machine learning (ML) and deep learning (DL)
have mainly been used to investigate forecasting capabilities
and models, but their ability to interpret the decision-making
process has not been prioritized. Main modeling tools include
artificial neural networks [14], [15] and support vector ma-
chines [16], [17]. Static modeling problems are solved through
extraction and discovery of hidden input—output relations to
realize WPF [18]. Compared to conventional power forecast-
ing models, these black-box models are usually capable of
achieving higher forecasting accuracies owing to their excep-
tional ability to discover nonlinear relations; however, their
use is becoming increasingly complex and nontransparent. In
particular, it is difficult to believe the decision of the model
when the dispatcher does not know why the model got the
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result.

The Dutch Artificial Intelligence Manifesto (2018) focuses
on explainable artificial intelligence (AI) and requires equal
importance to be given to accuracy and interpretability of
Al [19]. In a report on responsible Al and national Al
strategies published in July 2018, the European Commission
described the risks of opaqueness (i.e., black-box risk) and
explainability as the two performance-related risks of Al [20].
Technical explainability means that humans can understand
and trace a decision made by an Al system. Karatekin
et al. [21] discussed the tradeoffs between accuracy and
interpretability of ML techniques in clinical data. Neonatal
experts’ intuition was confirmed on several risk factors, such
as gender, which were previously considered to be clinically
meaningless in predicting retinopathy of prematurity. Wu
et al. [22] used a regularized decision tree to simulate the
prediction of a time series model. The tree model is more
self-explanatory than the DL. However, a tree model may not
be available for all scenarios. Farhood et al. [23] used a local
interpretable model-agnostic explanations (LIME) algorithm to
analyze key features of an Al system in crime scene decision-
making. This study found the recognition results of DL may be
destroyed, and interpretable results could find the main factors
that cause misrecognition. Kamal et al. [24] explained how
genes participate in prediction and which genes are particularly
responsible for Alzheimer’s disease using LIME for combined
models of the convolution neural networks support vector
classifier and XBoost. Moreover, the explanation provided
by LIME was found highly consistent with that provided by
doctors in clinical medical judgment [25].

Establishing forecasting models using ML algorithms from
the perspective of massive data is a focus area of research in
the field of WPF. The primary goal of a forecasting model
is to provide wind speed (WS) and power forecasts. Relevant
research has focused on discovering the application potential
of various types of intelligent learning algorithms for WPF
modeling. Without altering the forecasting model, existing
technical routes typically involve (a) selection or preprocess-
ing of input features [26]-[28], (b) refined modeling [29]-
[31], and (c) secondary modeling for forecasting errors [32].
However, owing to difficulty in understanding and interpreting
the internal logical structure of black-box models, reducing
forecasting error is usually the sole basis for validating these
technical routes. In particular, it is difficult for researchers
to explain inferential mechanisms of black-box forecasting
models, which limits their application in the power industry.
The main contributions in this paper are as follows:

1) LIME algorithm is introduced and improved for WPF
model analysis, considering multiple features and fuzzy map-
ping. Then, a category trust index (CTI) is presented to
quantify the level at which a black-box model, that directly
participates in forecasting, can trust features involved in train-
ing.

2) A risky model for practical applications is defined. The
operational principle of black-box models in WPF is explained
at multiple scales, and reasonableness and applicability of the
technical routes that directly participate in forecasting and pre-
processing are evaluated. Route (a), selection or preprocessing

of the input features, and Route (b), refined modeling, are
analyzed from the perspective of model operation.

3) A multi-horizons global trust modeling (GTM) is pro-
posed, which is based on an interpretable analysis of four
modeling methods in different time horizons and is verified
in three predictors.

4) An interpretable feature selection mode is proposed. The
features are further selected based on the results of Wrapper,
Embedded, and Filter methods, which can reduce interference
and redundancy of insignificant variables.

5) Prospects and challenges of interpretable analysis in WPF
are listed.

The growing importance of interpretable ML is shown by
the increasing number of studies and projects on this topic,
as illustrated in Fig. 1. This figure shows sporadic research
since 1993, and a sharp increase in the number of interpretable
machine learning-related works annually since 2017. However,
the ML model widely used in WPF does not incorporate
interpretable analysis, which can lead to a black-box risk for
an actual operational system. To the best of our knowledge,
this is the first study to apply the LIME algorithm to WPF.
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Fig. 1. Number of works that interpretable machine learning-searched word
depicted yearly in the IEEE Xplore (up to December 2021).

The remainder of this paper is organized as follows: Sec-
tion II analyzes time-series and weather-feature correlations
in WPF and presents a new trust index based on a local
interpretable ML model in conjunction with WPF character-
istics. Section III analyzes the operational mechanism of an
agnostic model for local sample points at multiple scales and
describes how the original WPF model is improved based on
interpretable analysis. Finally, Section IV concludes the paper.

II. INTERPRETABLE ML FOR WPF
A. Dataset

A WF in China was selected for investigation. The WF,
consisting of 267 wind turbines, each with a capacity of
1.5 MW, has a total installed capacity of 400.5 MW and
encompasses an area of approximately 100 km?. Data used
in this study (i.e., the total power generated by the entire WF
and corresponding NWP data) were collected at intervals of
15 min between 08:15 on January 1 and 23:45 on December
31, 2018.
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B. Analysis of Input Features for WPF

Researchers usually have prior knowledge about the appli-
cation domain, which they can use to accept (trust) or reject
forecasting if they understand the reasoning behind it. A WPF
model is usually developed based on stationarity of time-series
data or mapping relation between weather information and
power. Hence, herein, models with historical power data and
NWP data as input were primarily analyzed. Correlation char-
acteristics of each feature were analyzed as prior knowledge
using the following correlation measures.

The Pearson correlation coefficient (CC) (linear), gray re-
lational analysis (GRA) (nonlinear), maximum mutual infor-
mation (MI) coefficient (MIC) [33] (nonlinear) are employed
to measure magnitude of the correlation between vectors.
Formulas are as follows
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where cov is the covariance, D is the variance, p; is the
CC between the i*" feature and the reference series, Xy is
the target series, and X; is the i*" feature. GRA of the ‘P
feature for comparison is expressed as r;. k = 1,2,--- ,m,
xo(k) is the k'™ sample in the feature series, and \ is
the distinguishing coefficient (A\ € (0,1)). Small X\ value
implies a large difference between the CCs and hence high
distinguishability. In this study, A was set to 0.5. where a and
b are the numbers of mesh cells in the z and y directions,
respectively. P(zg) is the probability that zo = Xj.
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1) Importance of feature time series

Here, correlation of the wind power time series is analyzed.
Correlation of a seven-day historical power time series is
calculated using CC, GRA, and MIC methods. Fig. 2 shows
the results. Correlation of a power series decreases as time
horizon increases and gradually becomes stable after a certain
time horizon is reached. However, based on values of the three
correlation measures, a power time series can be considered
to exhibit a certain daily pattern. Specifically, the three cor-
relation measures reach their maximum values at intervals of
approximately 96 time points (1 d). In addition, the effect of
this daily pattern exceeds that of some of the early time points.
Moreover, despite exhibiting a stable trend after approximately
200 time points, MIC similarly changes periodically within
smaller intervals.
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Fig. 2. Characteristic correlation degree of power series.

2) Importance of NWP features

Here, correlations between NWP features and power are
calculated. Considering that distribution pattern varies from
feature to feature and use of neural networks in WPF generally
requires normalization of the mean and variance of the dataset,
each feature is normalized based on its mean and variance to
maintain compatibility between analysis results, as follows:

A —p(N)

A= 2

py ®

where A is the vector to be normalized, and p(\) and o ()
are the mean and variance of \, respectively.

Figure 3 shows analysis results obtained using the three
correlation measures. Table I summarizes weather features
included in Fig. 3 and their corresponding names. We can
draw the following conclusions:

TABLE I
NWP NAME AND FEATURE MEANING

Name Characteristic meaning Name Characteristic meaning Name  Characteristic meaning Name  Characteristic meaning
T Temperature WSS Sea Level wind speed SLP Sea Level Pressure SP Surface Pressure

MF Momentum Flux WD170 170 m Wind Direction FC Fraction of Cloud TP Total Precipitation
WS170 170 m Wind Speed WDI100 100 m Wind Direction LHF Latent Heat Flux LSP Large-Scale Precipitation
WS100 100 m Wind Speed WD30 30 m Wind Direction SHF Sensible Heat Flux CP Convective Precipitation
WS30 30 m Wind Speed WD10 10 m Wind Direction SWR  Short Wave Radiation T2 2 m Temperature

WS10 10 m Wind Speed WDS Sea Level Wind Direction LWR  Long Wave Radiation RH2 2 m Relative Humidity
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Fig. 3. Correlation degree of each feature of NWP. (a) CC. (b) GRA. (c)
MIC.

a) As expected, WS features are the most important features,
of which WS100 has highest correlation with power, followed
by WS170, WS30, WS10, and WSSL.

b) Rankings based on different measures differ in several
aspects, which represent that any pre-analysis index is not
comprehensive, of course, we do not deny their ability to
extract main factors. For example, based on the GRA values,
accuracies for TP, LSP, and CP are relatively high. However,
this is attributed to the fact that GRA represents the degree
of synchronization of changes (i.e., changes in the same
direction). In addition, based on CC values, wind-direction
(WD) features at five heights are relatively weakly correlated
with power, which contradicts the conclusion derived from
GRA and MIC values, suggesting that nonlinear relations
exist between WD features and target power, which cannot
be extracted by CC. Furthermore, precondition for CC is
that a feature is consistent with a Gaussian distribution or

shape. However, WD data usually follow multimodal distri-
bution [34].

These measures can be used to preliminarily evaluate cor-
relation between each input feature for WPF and target power
series. However, whether each feature is mined according to
pre-analysis results during the model learning process cannot
be determined from these results. These pre-analysis results are
used as the physical basis for black-box model analysis [35],
[36]. In the following, we use interpretable ML models to
analyze influence of input features of WPF on the model
training process and further elucidate which models should
be trusted in WPF.

C. Interpretable ML Models

In data mining and ML settings, interpretability is defined
as the ability to be explained or presented in a manner that is
humanly-understandable [37]. In ML tasks, models are typi-
cally established based on a set of statistical rules and assump-
tions. Hence, interpretability is important, as it aims to enable
humans to understand how an ML model learns and why it
makes a given decision for each input. Meanwhile, researchers
address problems from different perspectives; therefore, they
assign different meanings to “interpretability” and formulate
interpretability methods that focus on different areas.

For a real-world learning task, it is possible to either select
and train a simple-structured easily-interpretable model or
train a complex powerful model and subsequently develop
interpretability techniques for interpretation. Accordingly, the
interpretability of ML models can be generally categorized
as ante-hoc interpretability and post-hoc interpretability [38].
Ante-hoc interpretability refers to self-interpretability of a
self-explanatory model obtained by training a model with a
simple structure and good interpretability, or by incorporat-
ing interpretability into a specific model structure. Post-hoc
interpretability refers to interpretability trained ML models
achieved by developing interpretability techniques.

However, simple models established based on ante-hoc
interpretability usually have relatively low performance [39].
Self-interpretation is invalid when a predictor changes. An
explainer should be able to explain any model, and thus be
model-agnostic, that is, treat the original model as a black
box.

Based on the purpose and object of interpretation, post-hoc
interpretability can be further classified as global interpretabil-
ity and local interpretability.

The objective of global interpretability is to enable humans
to understand the overall logic underlying a complex model
and its internal operational mechanism. Representative tech-
niques used to achieve global interpretability include partial
dependence test, individual conditional expectation plot, and
sensitivity analysis (SA) [40]. However, there are some limita-
tions, such as inaccuracy, poor data continuity, or inability to
explain the relationship between features. In particular, current
global interpretability is disadvantageous for WPF because it
is difficult to achieve in the case of numerous relevant input
variables. This contradicts the trend of high-dimensional input
features for WPF [41]-[43]. In addition, global interpretability
cannot explain results for individual cases.
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The objective of local interpretability is to enable humans
to understand the decision-making process and basis of an
ML model for each input sample [44]. In contrast to global
interpretability, local interpretability of a model is oriented
toward the input sample and is typically achieved by analyzing
contributions of each feature of the input sample to the final
decision of the model. Local interpretability can help explain
individual forecasts. LIME [45], a method that need not be
adapted to the original model, is highly versatile and can be
adopted to quantify the contribution of each feature at local
sampling points.

LIME aims to explain the intrinsic logic by which a certain
forecast is obtained and identify factors that support and
oppose this forecast. LIME is compatible with any supervised
learning algorithm and implemented by establishing a sim-
ple, highly transparent substitution model near an individual
sample to explain local linear relations. In this study, a linear
regression model is selected as the surrogate model for local
samples. Mathematical explanation of LIME is given below:

e(z) = argmin[L(f, g, ) + Q(g)] ©)
geG

where f is a complex model that directly participates in
WPF, g is the surrogate model for f, 2k? is set to 1 in this
study. The term 7, is the locality of the individual sample
x to be explained, i.e., distance between x and any other
sample point =’ in the neighborhood. Q(g) is complexity of
the surrogate model, and L-function describes the process of
¢ approximating f in the local definition of x, where Q(g)
must be sufficiently low to be understandable by humans.

Figure 4 shows the construction process of LIME in WPF.

1) Divide dataset into an input feature set X and a target
power set P, and input X into the black-box model to train a
neural network function f. As shown below, input X contains
N features.

(10)

P = f(X)

X = {1, 20,25 - aNn}T

(1)
(12)

2) Select an individual sample x to be explained and apply a
small disturbance to it in high-dimensional space to produce a

®®

post-disturbance feature =’ set, X’ (a three-dimensional space
is used as an example in Fig. 4, as the largest number of
dimensions that can be currently displayed is three). As shown
below, € is generally a Gaussian distribution.

X =z+¢ (13)

3) Calculate the distance w between each sample in X’ and
x using (10).

4) Input X’ into the black-box model to produce result Y’
on the disturbed feature set as follows:

Y = f(X) (14)

5) Obtain an interpretable, simple model g via training on
new datasets X’ and Y’ with w as the weight. Although Y’
is the output from the original black-box model, dataset X’
is obtained by adding a small disturbance to a single sample,
and the mapping relationship, which of the sample set formed
by the original sample and its neighborhood, can be captured
through a simple model. We use the locally weighted square
loss as K as defined in (16).

Y =g(X' w) (15)

K(f,9,m) = argmin [ Y- w(f(@) ~ g"))|  (16)
z'eX
6) Explain the complex model near a certain point using the
simple linear model.

D. Category Trust Index

LIME algorithm is used to discuss local interpretability of a
forecasting model. The disturbance added to the feature set is
generally small, random, and follows a Gaussian distribution.
However, in contrast to interpretability of image recognition or
language models [46], weather features and historical power
are typically used as input in WPF modeling. Features are
distributed in different ways [34]. For example, WD usually
follows a multimodal distribution, while WS is generally
considered to be consistent with Weibull distribution. Adding
a small disturbance consistent with a Gaussian distribution
to all the features may add unlikely sample points to the
disturbed dataset and cause each feature to follow a Gaussian
distribution, which is inconsistent with characteristics of the
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@
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Fig. 4. Correlation degree of each feature of NWP.
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original dataset. Hence, we redefine the small disturbance
added to the local sample to be explained as follows:

Ti=x; +e a7

where ; or z; is the i*" input feature (x; € (& mins i max))-

and ¢; is distributed in a similar way as z; (&; € (0;min,
8imax))- (aiminaaimax) =1x (5imina5imax)’ where [ is set
to 0.1 in this study. In this study, for each feature regardless
of whether distribution is known or not, a nonparametric
probability modeling-sampling method [47]-[50] is used to
generate a small similar distribution disturbance sample set.
Specifically, an empirical distribution model is used to fit
probability density distribution, and samples are obtained by
Monte Carlo sampling in the corresponding cumulative em-
pirical distribution probability. Detailed process refers to [47].
Further, in contrast to image recognition or language mod-
els, there are no “recognition errors” in WPF. Model perfor-
mance is quantified based on forecasting error or accuracy.
In addition, when months or seasons are considered duration
for examination, numerous time points are to be evaluated.
Analysis of model interpretability at only a certain time point
is inconclusive, as it may be affected by extreme weather
events, artificial interference in power output, or inherent data
features. Here, we define a CTI 7 to analyze interpretability
of input features of a certain specific type, as shown in (17).
Even if an identical model is in the same category, accuracy or
fitting ability is different from sample to sample. This is due
to mapping fuzziness or data quality. Therefore, a harmonic
coefficient o is introduced as the weight to make results more
inclined toward high-performance samples. Classification of
categories is explained in detail in the following section. The
surrogate model can be any transparent model. To simplify
calculation, the ridge model is selected as the surrogate
model in this paper. In this study, ridge regression is used
to establish an interpretable, simple model as shown in (19).
The coefficient \; of each variable represents the extent of
impact of the corresponding parameter on the forecast.

k
1
mi= 5 2 x ) (18)
j=1
(yj - ﬂ])
oi=1— ; (19)
! (y; — 9)*
Y =Mz + Xoz2 + -+ Aoy (20)

where 7; is the level at which the model trusts the i'" feature
in this category, K is number of samples within the category,
o; is fitting ability of the model at the 4t sample point (to
ensure that o; € [0,1], a sufficiently large coefficient must
be added to the denominator), y; is actual power at 4 time
point in the category, §; is the forecasted power at the gt
time point in the category, and ¢ is mean actual power at all

time points in the category.

III. INTERPRETABILITY ANALYSIS UNDER DIFFERENT
CATEGORY CLASSIFICATIONS

A. Equations and Parameter Setting

In this study, the normalized root-mean-square error
(NrMsE), qualified rate (Qr), and normalized mean absolute

error (INyag) are used as evaluation metrics for forecasting.

k
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(22)
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where the three indexes are expected to approach 1 at higher
accuracies.

Gated recurrent unit (GRU) is used as the basic forecast-
ing model. Originally introduced by Cho er al. [51], GRU
architecture is simpler and reduces computational load and
training time while ensuring high forecasting accuracy. Here,
GRU is trained using a backward error propagation algorithm
and gradient descent method. As this study does not focus on
design of neural networks, the number of hidden layer neurons
is set to 80 based on experience.

Different disturbed sample sizes will affect stability of
results. As an example, a test model was built, and the
most trusted features of the model under different disturbance
sample sizes are shown in Fig. 5. The result is stable when
the number of disturbed samples is greater than 130. In this
study, disturbance sample size is set at 200. Under different
sizes, running time of the model is 14 to 16 s, which meets
the time limit of practical application.

WS100 - 1
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P, o, L i | ! i } i ! ! i
“*10 110 210 310 410 510 610 710 810 910
Number of disturbed samples

Fig. 5. Most trusted features of the model under different disturbance sample
sizes.

In addition, SA, a method used to study feature sensi-
tivity of model, is adopted to verify results. SA examines
the importance of features to the forecast by altering their
values individually. Altering the value of a certain feature
that is relatively important to the forecast increases forecasting
error. Feature importance is established through the following
procedure:

1) Establish the black-box model given in (11).

2) Assign a random value to a feature x;, produce a forecast
again while keeping model unchanged, and determine change
in the forecasted value.
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3) Restore the feature to which a random value is assigned
in Step 2 and repeat Step 2 with another feature until all the
features are traversed.

Although it is impossible to directly analyze how input
features compose results by SA in regression problems as
verification of linear models approaching local samples of
nonlinear relations.

B. Scenario 1: High Forecasting Error-causing Model Inter-
pretability

In this scenario, we present simulated experiments to evalu-
ate utility of interpretability in trust-related tasks. In particular,
we address two questions: (1) Is interpretability faithful to the
model, and (2) Can interpretability aid users in ascertaining
trust in WPFE.

Category design: each calendar day (96 time points) is
regarded as a category. For example, January and February
2018 are considered here. Data for the first 30 days are used
to form the training set, while data for the remaining days
are used to form the test set. Training model is updated for
each day. The number of samples in the training set remains
unchanged (a total of 30 models are established, corresponding
to 30 categories). In addition, 24 NWP weather features are
used as input to forecast power for the next 24 h.

Figure 6 shows daily Nrnisg values on the test set. Nryvse
fluctuates relatively significantly from 6.96% to 48.72%. Fore-
casting points are arranged in ascending order by Ngmsk

—

0 5 10 15 20 25 30
Time horizons (15 min)

Fig. 6. Daily NRMSE in test set.

values. Fig. 7 shows the top 10 key variables that affect
1st, 6th, 11th 160, 215, and 26'" days (by ranking of
the Nrmse values) and their levels of impact (positive and
negative n values of a feature are indicated in red and blue,
respectively). Forecasting errors for these six days are 6.96%,
12.71%, 16.04%, 24.27%, 26.75%, and 29.93%, respectively.
Results produced by models are subjected to SA. All 24 NWP
weather features are input to the model. SA order of features
corresponds to ranking in Fig. 7. Fig. 8 shows results of NWP-
feature analysis corresponding to categories shown in Fig. 7.
Fig. 8(a) and (b) correspond to SA results before and after
improvement of LIME, respectively. Although the two sub-
graphs show an overall downward trend, results obtained by
the improved method are more regular than original LIME. In
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Fig. 8. Results of SA. (The Abscissa of each cluster corresponds to the CTI ranking of each subgraph in Fig. 7, and each color cluster corresponds to one

subgraph.). (a) Initial LIME. (b) Improved LIME.
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addition, forecasted value for each category shows a downward
trend in Fig. 8(b), suggesting the interpretation of the model
is correct.

However, CP, SLP, SP, and T2 are the primary meteorologi-
cal factors affecting categories for which forecasting accuracy
is relatively high, as well as those for which are relatively low.
This is inconsistent with results of the weather-feature analysis
presented in Section II-B.

Moreover, Fig. 9 shows statistics of the top five most trusted
features in the 30 categories. Features accounting for the
largest proportions of the pie chart are also inconsistent with
those derived from previous analysis. Why are these weather
features more important than features such as WS from a
modeling perspective? Fig. 10 compares the time series of the
top six features in Fig. 9 for the period from January 21 to
January 30 with the power and WS time series for the same
period. Compared to WS time series, the coupled variation
between the time series of each of the six features and the
power time series shows no significant trend. However, these
features are maintained at certain fixed values for a longer
period. In other words, because CP remains stable and the
gradient descent training method for neural networks deter-
mines the forecasted value is unlikely to increase or decrease
sharply, stationary data are given greater weights in model
training, i.e., the model is more inclined to “believe” relatively
stationary data, resulting in a smaller “model penalty”. Based
on the relatively transparent ML model, we understand why
overall forecasting error is relatively large. Part of the error is
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Fig. 9. Statistics of the top five features for CTIL.
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Fig. 10. Time-series curves of several features (normalized by maximum

value of each feature).

CSEE JOURNAL OF POWER AND ENERGY SYSTEMS, VOL. 11, NO. 1, JANUARY 2025

caused by failure of the model to discover suitable features.
Further, the “most important feature” recognized by a machine
model is not necessarily most important in terms of physical
meaning.

A model should be considered risky when data mining
results completely contradict physical mechanism, regardless
of whether error of local samples is high or low. Therefore,
it is necessary to analyze interpretability of ML in applica-
tions. This provides us with model evaluation information
in addition to existing statistical indicators and maybe more
meaningful for dispatchers. Meanwhile, such risky models
should be improved according to their interpretable results.
Two interpretable-based methods are proposed, which are the
combined modeling method for multi-time scale (Section III
(C)) and interpretable feature selection method (Section III

D).

C. Scenario 2: Model Interpretability over Different Time
Horizons

In the following discussions, we evaluate CTI using the
following questions. (1) Can users choose the better model
(Analysis in Scenario 2 and 3)? (2) Are researchers able
to understand regularities in forecasting by looking at inter-
pretable results (Regularities in Scenario 2 and 3)? (3) Based
on interpretability, can some strategy make model performance
more powerful (Strategy in Scenario 2 and 3)?

1) Experiment

Category design: To explain models for different time
horizons, four modeling methods are used to predict the future
96 time points. In addition, 96-dimensional historical power
and NWP WS values at five heights are used as input (each
meteorological feature is analyzed in Sections 2.2 and 3.2; in
this section, only WS values at five heights are used as input).
Time points within the same time horizon are considered to
belong to the same category. Training, verification, and test
sets are composed of data of 210, 30, 60 days, respectively.

e Model 1: One predictor is trained with the input of future
NWP and the past 96-points power. Input dimension of
each sample is 576 (5 x 96 4 96), and output dimension
is 96.

e Model 2: One predictor is trained with input of future
NWP. Input dimension of each sample is 5, and output
dimension is 1.

e Model 3: One predictor is trained with input of 96 point-
historical power. Input dimension of each sample is 96,
and output dimension is 96.

e Model 4: 96 predictors are trained with input of future
NWP and the past 96-point power. Input dimension of
each sample is 101 (5 x 1 + 96), and output dimension
is 1.

2) Analysis

According to pre-knowledge, power correlation decreases
with increase in time horizons. Although there is a certain
daily cycle law, under the three correlation indexes, P;_gg
ranks 8279, 56, and 54", respectively (sorting 101 features,
including WP lagging 96 points and WS at five heights).
WS100 is located on 13", 18", and 13", respectively (five
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Fig. 11. CTI at different time scales for Model 1. (a) 15t. (b) 16", (c) 3279,

heights-wind speeds are scattered from 13*" to 30*"). This
means that in the 12-step prediction ahead, the model’s most
trusted feature should be the nearest historical power. Other
features may provide useful information, but not the “most
trusted”. When the forecast exceeds 18 steps, the most trusted
feature is wind speed. The most trusted feature in the 18-step
advance forecast should be WS100 or P;_;. The most trusted
feature is not fixed because we cannot confirm which indicator
is more reasonable, all three of which have been used in WPF.

Figures 11 to 14 shows ranking of the CTI at 1%¢, 16", 3274,
480 64th 80" and 96" time points for the four models,
respectively (t is the forecasting time point, and P;_; is the

-1 0 1

CTI (normalized)

Fig. 12. CTI at different time scales for Model 2.

(d) 48%". (e) 64th, (f) 80P, (g) 96th.

historical power at the closest time point). We can draw the
following conclusions:

e Model 1 should be considered risky model under the
current predictor. In Fig. 11(a), there is no timing infor-
mation close to starting time. Even in other subgraphs,
results of feature mining do not accord with general
cognizance.

e Model 2 is logically consistent. Feature mining results of
Model 3 tend to be confused when the period is large.

e Model 4 is better since it uses more features and con-
forms to physical mechanisms. All top-ranking features
in Fig. 14(a) are historical power values, and their CTT is
consistent with time-series correlation. Among features
at the 16th point, meteorological factors (i.e., WS30)
already have relatively high CTI values. CTI values at
subsequent time points suggest that WS values at various
heights become the most important features with model
perspectives, which is consistent with pre-analysis.

3) Regularities

To determine the type and importance of model-captured
features over different time horizons more accurately, word
clouds produced with every 16 time points as one unit and top
five features with the highest n values are shown in Figs. 15
and 16 (Py; or WSSy is used to represent P;_; or WSS;_;).
(), (b), (c), (d), (e), and (f) show explanations for points 1—
16, 17-32, 3348, 49-64, 65-80, and 81-96, respectively. We
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Fig. 13. CTI at different time scales for Model 1. (a) 1%, (b) 161, (c) 3204,

(d) 48", (e) 64th, (f) 80P, (g) 96th,



236

CSEE JOURNAL OF POWER AND ENERGY SYSTEMS, VOL. 11, NO. 1, JANUARY 2025

48h 64 8ot 96t
WS100 AN
WS170 WS10
Wws10 WS30
P, 1| P 91
P 1| P =41
P t P 12
P 192 P, 69
P, WS170
P 1! P -2
P 1 P —96
-1 0 1-1 0 1-1 0 1-1 0 1-1 0 1-1 0 1 -1 0 1
CTI (normalized) CTI (normalized) CTI (normalized) CTI (normalized) CTI (normalized) CTI (normalized) CTI (normalized)
(a) (b) (© (d) (e ® (8)
Fig. 14. CTI at different time scales for Model 1. (a) 15%. (b) 16%2. (c) 3219, (d) 48th. (e) 64tP. () 80D, (g) 96th.
e 177320 48" 49"-64" 65"-80" 81".96"
WS170t8 8%,  WS1Gt15WS1066 wso15 Pt84WS100t1 WRG8 agwsstio ws170t8 P84 yssse WS10t17
Pt8OPt67Pu0 WS 70t85‘§;4 VV;;";ZBWSSH 3P ng,$gz;w\§v 170t20%8r  wsioiss P16 4ws 167 ng%tftm
t15 Pad WS10t51 P
ws1oot21 Pt84™' WS170t3 \\;VVSS%QS wsstas \Siaee wes P67 WS170t8 V\/tSStSG
(a) (b) © (d) (©] ®
Fig. 15. Word cloud of each unit for Model 1. (a) 156-16tP, (b) 17th—321d (c) 33rd48%h (d) 49th_64th, (e) 65tP—80th. (f) 815t—96th,
oPGEWS1T0 L ysEWSI0 WS100 WSS . . WS30WS10 mvvs1 o
Emmz = EAnWS30P9Y P\ VS30Ps i SWSTOWS3 BWS 1708 WesWS10%0s
wsoPt2 WSS PT‘(‘%WS'] OO Pt5 WS100 WS1 OPISQ P191 WS1 70 WSS WS1 0 - P90 P“‘F:?1VVS1 70%9”82
(a) (b) (© (d) (© ®
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can get the following regularities:

o The conclusion that Model 1 is risky will not change.
Although Fig. 15(a) is mainly time-series information
and weather information in a larger period, corresponding
relationship of time is vague.

o Even if the pattern of daily cycles is not at the top of
correlation rankings, the model may mine information
that is excluded from the most recent power timing. This
is because in Fig. 13(a) and Fig. 14(a), P;_g5 and P;_gg
is in 24 and 8" place, respectively, which is much higher
than their ranking by correlation degree. P;_g2 accounts
for large size of black fonts in Fig. 16.

o Time-series features are basically in accordance with
the laws of physics. This also explains why the time-
series extrapolation method is usually adopted in ultra-
short-term (0—4 h) WPF [52] from the perspective of
feature mining ability of the model. However, the model
considers WS features to be the most important features,
apart from P;_1, at the 4" hour (i.e., the 16'" point). This
suggests that even in ultra-short-term forecasting, when
the time-series extrapolation method is used, ignoring
WS information over a relatively long time horizon may
still result in a corresponding error. Use of the modeling
method based on power time series alone is unreasonable
beyond the 4*" hour, whether from the perspective of pre-
analysis or model.

4) Strategy
However, chaotic feature results still exist under some

time horizons in Model 4. To maximize retention of useful
information, a combination strategy is proposed, as shown in
Fig. 17. Several modeling methods are combined into a GTM
according to pre-analysis and interpretable results under all-
time horizons. For time horizons of 24 h (96 time points),
Model 4 was used for training, and results under all time
horizons were tested by interpretable analysis. The decision
process is summarized by the following steps.

For [t,t+12], determine whether the most trusted feature of
Model 4 is P,_;. If so, output results of Model 4; otherwise,
output results of Model 3. For [t 4+ 13,¢ + 17], the result of
Model 4 is output directly. For larger time horizons, determine
whether the most trusted feature of Model 4 is WS100. If so,
output result of Model 4; otherwise, output result of Model 2.

Final combination result is shown in Table II. Meanwhile, to
verify effectiveness of the proposed method, a classical error-
based combination method (EBM) is used as a comparison
combination method. Error statistics of the verification set for
four models under different time horizons are shown in Fig. 18.
The new combination method is compared with EBM under
each time horizon, as shown in Table III.

The error of EBM increases unexpectedly in the test set.
Compared with EBM, GTM shows stronger robustness. Sim-
ilar to risky models, trusted models do not necessarily have
highest accuracy in every sample but have highest accuracy
in total. Although compared with Model 4, accuracy improve-
ment is not obvious; this is because feature mining results of
Model 4 have met physical law. Results shown in Figs. 14 and
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t ++12

If the most trusted feature
is P,_; in Model 4 under the
corresponding time horizon?

Model 3 Model 4

Fig. 17.

TABLE II
FINAL COMBINATION RESULT WITH GRU

Model Time horizons (i*")

Model 2 19, 20, 22, 24-29, 31-48, 50-59, 61-63, 66-68, 71,
73-77, 79-87, 91, 92, 94-96

Model 3 8

Model 4 1-7, 9-18, 21, 23, 30, 49, 60, 64, 65, 69, 70, 72, 78,

88-90, 93

TABLE III
NRMSE OF DIFFERENT METHODS WITH GRU (%)

Time horizons GTM EBM Model 1 Model 2 Model 3 Model 4
st-16t0 11.16 11.38 13.78 14.21 11.86 11.14
17th_3pnd 1219 13.50 13.70 12.01 19.27 13.50
33rd_4gth 1430 17.50 1545 15.41 20.78 14.80
49th_g4qth 17.38 18.45 16.90 17.37 24.63 17.83
65th_goth 18.87 18.95 18.05 19.03 23.42 18.95
815t_96th 16.14 1629 17.39 16.43 20.02 15.90
Total 14.69 1574 15.11 15.02 19.51 14.87
0.2 —a— Model 1 ‘ ‘ ‘
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Fig. 18. Errors of four modeling methods in multiple time horizons.

16 are consistent with operation mechanism of the turbines.
To further verify effectiveness of GTM, RBFNN and BPNN
are used as predictors to repeat the experiment. Final combina-
tion result is shown in Table IV, and accuracy statistics results
are shown in Table V. Among the two predictors, overall
accuracy of GTM is the highest. However, accuracy of EBM is
unstable (in BPNN, error is less than the other four modeling
methods, but in RBFNN, error is higher than Model 2 and
Model 4). Qr and Nyag statistics are shown in Table VI, and

Model 4

t+17 1+95

If the most trusted feature
is WS100 in Model 4 under the
corresponding time horizon?

Model 2 Model 4

Combined structures with different modeling methods in multiple time horizons.

TABLE IV
FINAL COMBINATION RESULT WITH RBFNN AND BPNN

Model Time horizons (:*%)
RBFNN BPNN

Model 2 19, 21, 23, 25, 27, 28, 30-34, 36, 19-25, 27-31, 33-39,
38-40, 43, 46-52, 54-59, 62, 64, 41-44, 46-52, 54-64,
67-73, 75, 76, 78, 79, 82-88, 66-69, 72, 74-81, 83-85,
90-96 87-96

Model 3 1, 2, 12 6, 10

Model 4 3-11, 13-18, 20, 22, 24, 26, 29, 1-5, 7-9, 11-18, 26, 32,

35, 37, 41, 42, 44, 45, 53, 60, 61,
63, 65, 66, 74, 77, 80, 81, 89

40, 45, 53, 65, 70, 71,
73, 82, 86,

GTM shows the best performance. Qg shows the combination
model based on interpretable results has fewer extreme error
scenarios, which is valuable to the scheduler. The “trustworthy
model” in which feature mining results accord with physical
law has stronger robustness.

D. Scenario 3: Model Interpretability for Each Season

1) Experiment
Category design: output of a WF typically varies from
season to season. In this section, every three calendar months
(90 days by default) is regarded as one category. Training,
verification, and test sets are composed of data of 60, 10,
20 days, respectively. Only meteorological data are used as
input to analyze the model established for each season.
2) Analysis
Scenario 1 proved that all feature inputs may train risky
models. Feature selection can theoretically reduce input of
redundant information. The mrMR [53] method is used for
feature selection in different seasons, and results of the top 12
are shown in Table VII. We use the top 10 weather information
as input features. Fig. 19 shows interpretability results for the
model established for each season. The model in autumn is
more reliable since feature mining results consist of the power
generation law of the turbine, even if it is not completely
consistent with a priori knowledge. The other three seasons
give more weight to the weakly correlated characteristics,
which should be regarded as the risky model.
3) Regularities
o The difference between the trust characteristics of data-
driven models provides the basis for the technical route of
refined WPF modeling. Whether through pre-analysis or
trusted by the model, features are varied from season to



238 CSEE JOURNAL OF POWER AND ENERGY SYSTEMS, VOL. 11, NO. 1, JANUARY 2025

TABLE V
NRMSE OF DIFFERENT METHODS WITH RBFNN AND BPNN (%)

Ti . RBFNN BPNN
ime horizons
GTM EBM Model 1 Model 2 Model 3 Model4 GTM EBM Model 1 Model 2 Model 3  Model 4
15t-16tR 10.77 10.71 10.74 13.21 11.77 11.05 11.11 10.66 10.69 13.54 13.06 10.69
17tk_3pnd 12.83 13.15 13.55 12.54 18.88 13.15 1296 14.08 13.75 12.82 19.23 14.08
33rd_4gth 1539 1584 15.60 15.45 20.77 15.36 1596 1584 17.40 15.92 21.61 16.00
49th_g4th 17.62 18.25 17.80 17.17 25.27 18.61 18.14  18.17 18.52 18.02 25.79 19.07
65th_goth 19.49 1993 19.52 19.10 24.36 20.20 19.54 1972 20.49 19.62 24.08 19.38
815t_96th 15.80 15.78 17.09 15.73 20.01 15.81 16.09 16.02 18.56 16.02 20.38 16.37
Total 14.84 1508 15.17 14.91 19.62 15.03 15.14 15.19 15.81 15.24 20.08 15.46
TABLE VI
QR AND NMAE OF DIFFERENT METHODS WITH GRU (%)
Predictor GTM EBM Model 1 Model 2 Model 3 Model 4
QR NMAE QR NMAE QR NMAE QR NMAE QR NMAE QR NMAE

GRU 88.94 11.89 86.88 12.61 88.07 12.27 88.66 12.16 77.01 16.51 88.47 11.97

RBFNN 89.50 11.80 88.37 11.98 87.85 12.24 88.47 12.07 77.86 16.52 87.31 12.01

BPNN 87.83 12.11 87.50 12.20 85.78 12.80 87.81 12.33 77.78 17.00 86.72  12.37

TABLE VII

model. Final input features and error statistics are shown in
Table VIII. Improved input, as a trustworthy model, can reduce

FEATURE RANKING OF DIFFERENT SEASONS BASED ON MRMR

Ranking  SP SU FA WI Ngrwmse of 0.28%—1.27% based on 11.88-18.43% in each
T WSI70  WSI00  WSI00  WSI100 n rall racy is improved when adiustment of th
5 WSI00  WS30. WS170 WS170 seaso . Overall accuracy is improved when adjustment of the
3 SLP WSI170  WS30  WS30 input feature makes the model trustworthy.
4 SWR WSI10  WSI0  SHF
5 RH2 WSS WSS WS10 TABLE VIII
6 WD30  SHF SP WSS FEATURE INPUTS AND RESULTS OF DIFFERENT SEASONS IN
7 Cp WwD30  CP Sp VERIFICATION SET BASED WITH MRMR-ISM
8 LWR CP MF Cp
? Sp Ri12 SHE Lsp Initial Improved
10 SHF SP RH2 RH2 Season Input
11 WDIO  MF SLP SWR NRMSE NRMSE
12 WS30 WDI10 TP SLP SP WD30, SHF, RH2, SWR, SLP, 18.43 17.16
WS100, LWR, SP, WS170
SuU RH2, SHF, WS10, WS100 15.15 14.52
SP SU FA Wi FA SHF, RH2, MF, SP, CP, WS170, 11.88 1160
WSS — 55 WS10, WS30, WS100
WS10 WS10 WI SHF, WS170, RH2, SP, WSS, WS10, 1640 15.61
MF WSS WS100
SHF WS100
WS100 WS30
WD30 SP WS170 In addition, actual power (AP), original predicted
LWR RH2 RH2 . . . .
SLP cp Sp power (PP-initial), improved predicted power (PP-improved),
RH2 WS170 SHF WS100, and actual-WS (AWS) data for three consecutive days
WS170 WS30 cp . . .
‘ with a relatively stationary actual power output are selected
-1 0 1 -1 0 1 -1 0 1 -1 0 1

from the test set, as shown in Fig. 21. AP is close to 0 before
the 200" time point. Trend of PP-actual is inconsistent with
trends of NWP WS, AWS, and AP, which suggests the model
is affected by redundant features. Trend of PP-improved after
removal of interfering features is clearly more consistent with
trend of AP. After the 200*" time point, there is a ramp-up
and a ramp-down in AWS, and even PP-improved is unable
to match changes in AP, which is primarily because of the
fuzzy mapping relation between NWP WS and AWS or AP
for this period. To address this problem, correction of NWP
data and further exploitation of their hidden information may
be considered. Improving input features for a black-box model
based on transparent learning results is fundamentally different

CTI (normalized) ~ CTI (normalized)  CTI (normalized) ~ CTI (normalized)
(2) (b) (© (d

Fig. 19. CTI of each month. (a) SP. (b) SU. (c) FA. (d) WL
season. Even for WS information, WS170 and WS100
are the most correlated WS features for seasons for
SP and SU, respectively. This result is attributed to the
difference in mapping characteristics between seasons. In
other words, season-based modeling is a simple, refined
modeling method.

« Even after pre-feature selection, some features still make
the model risky.

4) Strategy

Therefore, without changing the predictor, feature selection
can be further refined according to interpretable results, as
shown in Fig. 20. Until the most trusted feature of the model
meets prior knowledge, we cannot think of it as a trustworthy

from conventional correlation-based feature selection method
or trial-and-error method.

To further judge effectiveness of the feature selection
scheme, two other feature selection methods, namely recursive
feature elimination (RFE) [54] and random forest-out-of-bag
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Fig. 20. Process of further features selection.

error (RF-OOB) [55], are adopted, which belong to Wrapper,
Embedded, and Filter with mrMR. For all three feature se-
lection methods, input information dimensions are set to 10.
Based on the three feature selection methods and interpretable
selection method (ISM), result statistics of the test data set
are shown in Table IX. ISM can further improve accuracy
of the original feature selection method. Range of accuracy
improvement is 0.36%-4.69%. Qg and Nyag are shown in

0.4 :
— AP
0.35 = PP-improved )l
PP-initial
— 0.3 H 4
g WS100
=0.25¢ AWS ]
g 0.2}
£
20.15 .
201, f
' " MW
0.05+ 7| ]
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Time horizons (15 min)
Fig. 21. Time series comparison of wind speed, actual power, and predicted

power (normalized by the maximum value of each feature).

TABLE IX
NRMSE OF DIFFERENT SEASONS IN TEST SET (%)

Predictor

¥

Analysis of category
trust index

If the model most
trusted feature is the first
in the ranking?

Remove the model most
trusted feature

Final forecasting result

Table X, and ISM shows higher performance overall. Nyag
statistics are similar in winter before and after adjustment for
RFE, but statistical results based on Qg still show that ISM
has lower extreme error level generally. Moreover, ISM based
on CTI can make the model more robust, such as feature input
that improves verification set accuracy, which is also improved
in test set.

IV. CONCLUSION

The focus of current research or application in the power
industry is gradually shifting toward WPF models based on
intelligent learning algorithms. However, there is still a lack
of qualitative and quantitative analyses of the operational
mechanism of such black-box models, which can lead to
application risk on the dispatch side. We note that explanations
are particularly useful in these scenarios if a method can
produce them for any model, so that a variety of models can
be compared and provide evaluation information in addition
to errors. In this study, based on the LIME algorithm, a new
CTI n for wind power was defined to qualitatively and quan-
titatively explain the internal mechanism of several technical
routes for application of ML models to WPF. Interpretable
post-feature analysis method is used for modeling adjustment
and feature selection, based on the principle that data-driven
results should be consistent with physical mechanism. Through
the methods, accuracy of the improved model is robustly
improved in multiple scenes.

Season mer; S RFEI S RE 'OIOB S 1) When all 24 NWP features are input into the model,
Initia ISM Initia ISM Initial ISM . . P
<P 300 2313 2845 2385 3.60 19.69 th'e mod(?l may assign ¥e1atlvel.y large weights Fo features
SU 1825 1585 18.14 16.67 2029 15.6 with stationary time series, which leads to relatively large
FA 18.79 1630 1741 1619 20.62  16.69 forecasting errors. The model in which the feature mining
Wi 1723 1687 195 1913 1818 17.38 result is completely contradictory to the physical mechanism
TABLE X
QR AND NMAE OF DIFFERENT SEASONS IN TEST SET (%)
Season QR MAE
mrMR RFE RF-OOB mrMR RFE RF-OOB
Initial ISM Initial ISM Initial ISM Initial ISM Initial ISM Initial ISM
SP 71.77 7823 59.06 73.63 67.66 81.25 1849 1741 2398 18.60 19.91 15.54
SU 9193 9594 91.88 9453 89.11 96.77  15.65 13.15 15.85 14.03 17.54 13.14
FA 98.13  99.27 98.65 99.01 98.13 99.53 1531 13.28 14.14 1328 16.53 13.43
WI 99.58 99.79 9938 9953 99.58 99.58 14.23 13.72  16.35 1649 14.87 14.72
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should be regarded as a risky model. CTI can complement
these existing systems and allow users to assess trust even
when the samples seem “correct” but is made for the wrong
reasons. Meanwhile, from the perspective of increasing fore-
casting accuracy, improving data mining ability of models or
preprocessing based on feature selection is necessary.

2) When time-series and NWP WS data are simultaneously
input into the model, the model trusts time-series features more
for the first 4 h of the period selected for modeling. Applica-
bility of the technical route for the time-series extrapolation
method to ultra-short-term forecasting was explained from a
modeling perspective. However, CTI or correlation values of
the WS features are similar to that of P,_; at the 16*® point,
suggesting that even in ultra-short-term forecasting, NWP
features must be introduced to time points over relatively long
time horizons. Meanwhile, the model may mine information
from daily cycles that is excluded from the most recent power
timing. Moreover, a combined model based on performance
in the verification set may be unstable. Based on the rule
that the result of feature mining must be consistent with
physical mechanism, the combined trust model can improve
accuracy robustly in the three predictors with GRU, RBFNN,
and BPNN.

3) From a modeling perspective, modeling refinement was
shown to be reasonable based on the difference between
features captured by data-driven models and analysis results
for different seasons. At the same time, features trusted by the
models may differ from the physical mechanism even after
feature selection. Based on an interpretable ML model, of all
three feature selection methods (i.e., mrMR, RFE, and RF-
OOB), the proposed feature ranking method can be used to
further reduce forecasting error of 17.23%-28.48% by 0.36%—
4.69%. ML interpretability provides a bridging relationship
between data-driven and physical-mechanism-driven models
for WPF.
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