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To ensure the operational reliability of power systems, it is important for wind speed signal forecasting systems of
wind turbines to be efficient, accurate and stable. This paper proposes a two-phase deep learning structure with
network augmentation and pruning. By introducing the cross-correlation and quasi-convex optimization, a
fractional quadratic programming problem and related convex optimization models are constructed to generate
the augmented data for this proposed internal network; by pruning weakly correlated convolution channels, the
redundant features of its external network are reduced. Furthermore, the closed-form solution of the convex

optimization model is derived, which reduces the computational complexity considerably from O(n*log(2N)) to
O(n). The proposed approach has been extensively validated using the real data of the wind farm in China. The
results of the numerical experiments demonstrate that the proposed method achieves the superior performance in
the training flexibility, model accuracy, stability, and interpretability.

1. Introduction

Energy system decarburization has been a critical measure for
combating global climate change and the fossil energy crisis [1]. Ac-
cording to International Renewable Energy Agency data published in
2021, the global installed wind-generation capacity reached 733 GW at
the end of 2020, representing an increase of 18% compared to that in
2019 [2]. Apparently, wind power is being presented as a solution to the
demands for carbon neutral energy development and is highly antici-
pated and persistently supported by governments worldwide [3,4].
Wind farms build wind turbines (WTs) to convert wind energy to elec-
trical energy. To effectively utilize wind energy, their control systems
need to be fast, robust and reliable [5]. Various control methods have
been proposed to optimize control systems based on wind turbine signal
prediction (WTSP) corresponding to the resulting energy [6,7]. How-
ever, the nonstationarity and uncertainty of wind changes in nature pose
a challenge to the control of wind farms. Specifically, the control system
of a wind farm requires not only accurate and reliable forecasting

capabilities to consider short-term random fluctuations and long-term
uncertain periodicity of wind energy but also high efficiency and sta-
ble operation with limited computing power. These capabilities can
promote the carbon-neutral energy transition, increase the utilization of
renewable clean energy sources such as wind and solar energy, and
enhance the safety of the grid.

In recent years, many methods have been proposed to study the
periodicity and variability of wind based on temporal and spatial cor-
relations. Nevertheless, leveraging both temporal correlations and
spatial correlations is still one of the most challenging areas in wind
speed prediction [8,9]. Data augmentation can reduce overfitting to
improve the accuracy and stability of wind speed prediction [10-13]. A
sparse neural network [14] and pruning neural network [15] can
improve the reliability of the model and reduce redundant parameters
while still maintaining good performance in large-scale, wind speed
spatiotemporal prediction. When the abovementioned methods are in-
tegrated into a framework, the intractable problem of balancing training
time, training data scale, model complexity, model accuracy and
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stability for short-term wind speed prediction exists.

Physical modelling, statistical modelling and deep learning methods
are current controversial topics. Physical models, including numerical
weather prediction (NWP), use hydro and thermodynamic models to
incorporate weather data into the prediction of wind speed with certain
initial values and boundary conditions [16-18]. NWP has been exten-
sively introduced as augmented information for data correction in wind
forecasting systems [19-21].

Statistical methods generally concern the correlation between wind
speed sequences and explanatory variables [22,23]. Correlated data and
correlation networks based on correlation coefficients, such as Pearson
correlation [24] and Kendall correlation [25], are widely utilized to
improve forecasting performance. In addition, when exploring the
ambiguous data association, the data-driven fuzzy models [23,26,27]
and statistical probabilistic models [28-30] are the effective choices to
improve modelling robustness by constructing augmented information.

Deep neural networks stand out in terms of extracting the nonlinear
correlated characteristics of wind speed [31,32]. Long short-term
memory (LSTM)-based and convolutional neural network (CNN)-based
models are two kinds of classical deep neural networks. CNN-based
models show good generalization capacity for spatial features of
short-term wind speed prediction [33,34], while LSTM-based methods
and their variants stand out for solving for the long-term dependence
[35,36]. Their results for determining temporal and spatial wind speed
correlations revealed that deep neural networks have a better learning
ability than shallow models [37]. The data representation of neural
networks can not only inherit the relationship from the physical and
statistical methods but also absorb more potentially correlated data into
the model [38-40]. Especially for missing signal processing, the corre-
lation of sequences in the data representation supports the optimization
of deep neural networks [41]. Therefore, neural networks can be pruned
increasingly quickly by removing connections or nodes to reduce the
redundancy of model parameters [42].

Although deep learning methods have been progressively applied to
wind speed signal forecasting (WSSF) systems, the model’s interpret-
ability and training flexibility still fall short regarding practical chal-
lenges, such as intermittent winds and hardware limitations. The two-
phase deep learning method based on a hybrid network has achieved
high performance in actual wind power operation [43]. Hybrid net-
works combine the advantages of LSTM-based networks and CNN-based
networks on spatiotemporal series problems [44,45].
Sequence-to-sequence (Seq2Seq) is a hybrid network based on
encoder-decoder machine translation processing that maps an input of a
sequence to an output of a sequence with a tag and attention value [46].
The Seq2Seq model is suitable for extracting complex features from
high-dimensional data and effectively capturing the future trend of se-
quences. For wind speed sequential prediction, the Seq2Seq model
effectively avoids the random, short-term interference and long-range
dependence problems caused by periodicity [47,48].

On account of the abovementioned strengths, a complex, augmented
and pruned deep neural network based on an encoder-decoder structure
is proposed for short-term WSSF with the following perks:

1. The parameter optimization of the deep learning model becomes
more stable and efficient after inputting the correlated spatiotem-
poral data into the encoder network.

2. The network augmentation and network pruning improve the
adaptability of the deep learning framework to various hardware
conditions.

3. In view of the ubiquitous bad data phenomenon in power systems,
the bidirectional encoder-decoder structure shows better visualiza-
tion and interpretability, which improves the security and reliability
of power systems.

The remainder of this paper is organized as follows: Section 2 pro-
vides the preliminaries of the cross-correlation function and pruning of
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CNNs. Sections 3 and 4 are theory sections. In Section 3, an optimized
correlation model and the constrained CNNs are established for data
augmentation and network pruning, respectively, of WTSP. In Section 4,
the two-phase encoder-decoder structure is proposed to integrate the
augmented and pruned networks with a Seq2Seq network. In Section 5,
two numerical experiments are designed to show the training perfor-
mance and forecasting performance of the proposed method. The sta-
tistical results are discussed in Section 6, and Section 7 concludes the

paper.
2. Preliminaries
2.1. Cross-correlation function

Cross-correlation [49] is a measure of the similarity between the two
series shown in Formula (1-2), where N is the number of data points in
each data series, x; is the ith data point of the first data series, y; is the ith
data point of the second data series, and rxy(¢) is a correlation with the
signal lag 7. pyy(?) is the most commonly employed version of the
cross-correlation. As a function of the displacement of one relative to the
other, cross-correlation has a vital role in research on the transformation
of wind energy and the dispatching of electricity [50,51]. By considering
different degrees of wind speed correlation, researchers have explored
their impacts on the reliability of incorporating wind energy conversion
systems [52,53]. For time series analysis, it is common practice to
normalize the cross-correlation function to obtain a time-dependent,
Pearson product-moment correlation coefficient to enhance fore-
casting performance in accuracy and stability [54].

N
rxy(f) = foym (@)
i=1

i(xi = X)(Vi-e =)

B |cov(X, Y = @
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where cov represents the covariance of the two samples, and ¢ repre-
sents the variance of the sample.

2.2. Pruning CNNs

Among the many parameters in neural networks, certain parameters
are redundant and do not contribute greatly to the output [55]. CNNs
have demonstrated extraordinarily good performance for large-scale,
spatiotemporal data streams. However, with an increase in the size of
the networks, CNNs cannot be widely deployed to devices with limited
computing power. The emerging topic of CNN pruning not only strives
to address this problem but also enhances the interpretability and visi-
bility of neural networks [56].

Considering the fully connected CNNs for the feature extraction of a
time series, their datasets are stored on multiple channels in a decen-
tralized manner. Assume that each CNN consists of N channels and that
the dataset of the kth channel is given by Dy = {(Xk, Yx),k = 1,...,N},
where X; = [x1,X2,...,xr,]" € R"*1, and Y € R™*™, For the kth chan-
nel, the CNN model is transformed into matrix form

Ji=Hpy 3
where the hidden matrix Hy = [h, ha, ..., hy] € R™*! can be described by

Hk :U(XkWer) (4)

where ¢ is a type of activation function, and W = [wy,wa, ...,w;| and b =
[b1,b2, ..., by] are the input weights and bias matrix, respectively.
To prune the input channels from N to the required Ny (0 < No< N)
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while minimizing reconstruction error [57], output weights g, = (light coloured areas in Fig. 3(c)).
[B1: B2, .. )" € R™™ are evaluated by the standard, regularized, least Let X = [x1,...,xy]T € B¥1 and Y = [y1_¢, ..., yn_¢]” € B! be two
squares problem with the LO-norm penalty constraint. time series. X is the recent short-term wind speed series of the target
N 1 wind turbine, and Y is the correlated historical data, which records the
B =argmin§\|Yk - Hkﬂk”; 5) continuous sampling values of wind speed from the same or another
i wind turbine. Suppose the sample values at some point in sequence X are
1Bullo < No ®) missing or need to be predicted. Let X" = {x;} C X be a collection of the

missing data, where k is the serial number of the unknown points. As-
sume that the time series X and Y are linearly correlated. To pursue the
maximum linearity, an optimized correlation model (OCM) with linear
constraints is defined as follows:

where [Jul|, = (Zfiﬂui\)l/p is the standard L,-norm.

3. Augmented and pruned networks for wind speed signal

forecasting max FX) = cov(X, Y)‘
X OxOy (7)
With the aim of augmented data representation and the pruned CNN St AX" < 0
for the wind speed signal based on the correlation analysis, an optimized
correlation model for corpus augmentation and a CNN pruning model where f(X") is an optimization function to maximize the linearity be-

for spatiotemporal feature extraction are established. A fast, two-phase

- . . tween two time series.
encoder-decoder structure is proposed for integrating an augmented,

°°"(X Y) ‘ represents the absolute value of Pearson

pruned CNN and LSTM-based network, as shown in Fig. 1. The spatio- correlation. In terms of the WSSF, the objective function in Eq. (7)
temporal features of the historical signal data of WTs are extracted by represents the correlation between the current wind speed series and the
CNNs, and then the networks are pruned and sorted based on the cor- historical series, which is usually derived from the short-term temporal
relation between two sequences. The trained CNNs are then stored in a and spatial relationship and the long-term periodic relationship between
sparse data structure. When the WSSF model is trained online, the two time series. The constraints on the variables are derived from
training data and associated pretrained convolution layers are concat- existing knowledge of the wind speed and WTs, including the physical
enated into the Seq2Seq structure to form the two-phase encoder- law of nature, operating rules of the power grid, and performance design
decoder network. Fig. 2 presents a schematic of the proposed two-phase of the WTs.

encoder-decoder networks for the sequential point forecaster with a data By introducing the spatial correlation of multilocation time series
generator of the augmented samples. and natural constraints, the Pearson product moment correlation coef-

ficient is firstly transformed into a fractional quadratic programming
model. Furthermore, the novel fractional quadratic programming is
adapted to generate the knowledge-based corpus to guide the deep
neural networks for short-term WSSF. However, the solution of the
fractional quadratic programming is usually complicated. Therefore, the
purpose of this paper is to construct an equivalent convex optimization
model for this mathematical programming model, which can obtain
efficient and stable numerical solutions.

It is challenging to present efficient solutions to the abovementioned
nonlinear fractional programming problems [61]. Based on the research
of Zhang et al. [62], the OCM can be equivalently written as a quadratic
fractional programming problem (QFP):

3.1. Optimized correlation model for data augmentation

Recent studies noticed that the cross-correlation function contributes
to the stability and precision of deep neural networks due to its equiv-
alence between cross-correlation and convolution in mathematics [37,
58,59]. The augmented corpus and networks are helpful to restrict the
training scope of neural networks, reduce the vanishing gradients of
deep learning models, and enhance learning stability with more
spatiotemporal periodic data [52-60]. Fig. 3 illustrates the wind speed
variation and correlation of the WTs over two days; (b) shows the
imaged data of (a), and (c) shows the correlation among wind speed
signals. It is efficient to identify less important samples for convolutional
sampling based on the weak correlation among the training samples

Pruned convolutional networks for feature extraction

Fast online model tr; r and prediction

A -1 1532 € twoephase encoder fer deep network

(a) Augrmanted network

2352

B3 |

Caleulating the Pruning the channels  Sarting the channels |
correlation cocllicient I

Offline mnnm
}

knowledge (ree construction and reduciion

[ _

L

Fully connceted knowlede tree le Pruned & Augmented Networks -I- Encoder 1 -\- Decoder 1+
ix-y plane} Reducted knovedge tree Encoder2 e Decoder 2

Fig. 1. Workflow of fast, two-phase encoder-decoder networks for integrating pruned CNN-based and LSTM-based networks.
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rDiagrarlzl 1:
Two-phase encoder-decoder network
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Fig. 2. Schematic of the proposed sequential point forecaster and generation process of the augmented samples for WSSF.

Wind speed (m/s)

Timestamp
(/10 min)

2 “Serial number of
wind turbines
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(b)

Fig. 3. Two-dimensional features of training data: (a) space-time wind speed signals, (b) imaged data of (a), and (c) correlation among wind speed signals with a one-

dimensional convolutional kernel.

max fi(X') = 5~ ®
X n O-Y Z Z(X[ Xj) (x,- Xj)

i=1 j>i
s.t. AX"'< 0

where f,(X") is an optimization function equivalent to f(X"), namely the
squared function f(X").

A quasi-convex optimization technique is employed to solve the QFP
problem as follows: Furthermore, the proposed QFP problem is trans-
formed into a family of semidefinite programming (SDP) problems [63]
with the bisection method to solve the convex subproblem, as shown in

270

Formulas (9-11). Furthermore, it is proved that the global optimal so-
lution exhibits a closed-form solution for the QFP model and the cor-
responding convex model with a complexity of O(1) in each dimension,
which accelerates the generation of the augmented data from traditional
O(n*log(2N)) to O(n). The expression is shown in Formulas (12-22), and
the relevant proof is shown in Appendix A.

_p)
@,(x) =p(x) — 1q(x) 10)
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max gX")=XTAX" +BX" +C

X (1 1)
s.t. DX <0
~ b,

i 12
X 24, 12)
a,=m'cscep® — 3, (13)
b, =2¢cic3 — m*cycop?, a4

4 — 4c2cq — 42
p2: C1C3C7 C]Cé C3C57 (15)

mhcyct — dmcycscs

m—1

cr=(m—1cs+ > [(xi —x)yi, (16)
i=1
ca=cov(X,Y), a7)
m—1
=) (% —xn), (18)
i=1
s =5(X)* (19)
cs=S(Y'), (20)
—1
co =" 1)
2
o =— (22)
m> Y. Y,
i=1

Here, m denotes the lengths of the linearly correlated variables X and
Y. LetX = [x;, ...,xm,l]T Y =, ...,ym,l]T, and x,, be unknown data of
variable X; here, S represents the standard deviation.

An illustrative example is shown in Fig. 4 to explain the data com-
plement and augmentation capabilities of the OCM. Assume that (X, Y)
is a pair of correlated time series with the unknown points x; and y;
shown in Fig. 4. Combining the autocorrelation and cross-correlation of
sequences (X, Y) with the constraints on variables derived from the
existing knowledge, the unknown variables in sequences (X, Y) can be
completed by the proposed QFP problem based on the OCM. For WTSP
problems, such as WSSF and wind power signal forecasting (WPSF), the
wind speed signals of WTs at adjacent regions are correlated in a
physical mechanism. Due to the long-term and short-term periodicity,
changes in the physical properties of the wind produce changes in the
forecasting model over time. Therefore, the wind speed changes
randomly and variously.

Renewable Energy 198 (2022) 267-282
3.2. Pruning CNNs based on data correlation

Considering the high autocorrelation and cross-correlation among
the wind speed signals of the WTs, weakly correlated channels in fully
connected CNNs are pruned to reduce the redundant parameters. These
channels are sorted by correlation and are reconstructed into a pruned
network as the input features, as shown in Fig. 5.

The fully connected CNNs and the connections between correlated
sequences are calculated offline using the historical data. The historical
dataset is referred to as the support set. From stage A to stage B, the
convolutional layers are trained with a one-dimensional convolutional
kernel between historical WT signals and recent WT signals. The weight
vector of the convolutional kernel is the same as that of the OCM. In
addition, the correlation coefficient between two sequences is calcu-
lated. From stage B to stage C, the channels in the convolutional layers
are pruned based on the correlation threshold. The remaining channels
are then sorted according to the value of the correlation coefficient. In
addition, due to the autocorrelation of wind speed series, using the fine-
tuning method for the proposed networks can effectively introduce the
pruning CNN from the previous training moment into the current online
training process.

The convolutional connections of the training samples are then
restricted with a threshold of the correlation coefficient,

pi € {ﬁ, = O‘IJ(X;"XHA:) <6, }-, (23)

where the training sample X, 4, represents the predicted data.

After the process of pruning the weak channels of the CNNs with the
lower bound of the correlation coefficient, the pruned networks are
taken as the input features for the encoder-decoder structure in Section
4.

4. Two-phase encoder-decoder networks based on augmented
and pruned correlation networks

A novel, two-phase encoder-decoder structure is proposed to hy-
bridize the spatial networks and temporal networks. The internal net-
works adopt the Seq2Seq model for the classical sequential forecasting
tasks, and the external networks collect the correlated sequences from
the CNNs to provide auxiliary input for the internal networks. The
Seq2Seq model [64] is a widely utilized encoder-decoder structure for
sequential forecasting tasks. Fig. 6 shows a classical structure of the
Seq2Seq models based on LSTM units.

The Seq2Seq model is a conditional language model evolved from
recurrent neural network (RNN)-based encoder-decoder frameworks
[45]. The encoder process generally utilizes a stack of several recurrent
units that receive a single element of the input sequence, which collects
information for that element and propagates it forward. Vector W is then
output as a semantic representation vector of the input sequence. The
decoder is responsible for generating the specified sequence according
to the semantic vector. The output of the previous moment will be

Known data : x, y,

Unknown data: x; y,

Fig. 4. Data augmentation based on the cross-correlation.
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Calculating the
correlation coefficient

Pruning the channels
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Sorting the channels

Fig. 5. Pruning and transforming the fully connected CNNs into the input networks of the Seq2Seq networks.

Encoder w '

i B oeceder g T

Fig. 6. Classical Seq2Seq structure.

utilized as the input of the current moment; the semantic vector W is
only involved in the operation as the initial state; and subsequent op-
erations are unrelated to the semantic vector W.

For short-term wind speed prediction, a pruned and augmented
CNN-LSTM-LSTM (PACNN)-LSTM-LSTM) model is proposed as follows:
The model consists of two-phase encoder-decoder models, as shown in
Fig. 7. The inner structure (encoder 1 and decoder 1) is the standard

] Augmented corpus |
© and networks -

encoder-decoder framework. Encoder 1 is a time series model that ex-
tracts short-term features based on the autocorrelation of recent wind
speed data, while encoder 2 is a spatial model that can extract multi-

modal historical signals correlated to recent data. Decoder 2 can give the

. I ~t+At+1 ~t+AL
predicted sequence Yy arin = (30, ., 77

time horizon at time t.

beyond the prediction

Wi —»

oA

y

Xi X:

[~/ LN/

Pruned & Augmented Network54>~% Encoder 1 #Decoder 1 %(

Encoder2

| Decoder 2

Fig. 7. Structure of the two-phase encoder-decoder model: (a) augmented network for a data sample in phase A and (b) online forecasting process for phase B.
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The proposed encoder 1 has three functions in WSSF applications.

Generally, the output Yepar = (377, ..., 77") of decoder 1 is the set of

sequential predictions within the prediction time horizon At. The data

correction problems [14,20] of the WTSP can be generalized to ?HM =

(.. ¥, YR Al o ...), which provides the data correction

before and after the predicted period. Therefore, the internal
encoder-decoder network is established to be a bidirectional data
correction network.

Encoder 2 consists of a pruned network and augmented network,
encoder 1 and decoder 1, respectively. The pretrained CNN layers that
correlate with the recent sequence are selected, and each channel of the
layers is augmented based on the OCM, which forms the pruned and
augmented networks in Fig. 7. The input vector X3, ..., X;.1 represents
the sparse correlated sequences of sequence X, arranged from the least
relevant to the most relevant. Each input vector includes a historical
wind speed sequence and its augmented sequence Z = {z!'! 22 ...}
calculated by the OCM.

The augmented data increase the dimension of the input matrix X
and length of the LSTM cell, thereby adding more correlated parameters
to limit the expression of the output matrix Y, shown as follows:

LSTM: Y=¢(o"X+b), 29

Augmented LSTM: Y =¢ (wT {)Z( } + b) (25)

By pruning weakly correlated connections, the stability of the
network is improved. The PA-CNN-LSTM model is described as follows:

2
1 LN
argminﬁ Y — Z/}IX,»W‘.T (26)
P F
subject to |||, < No, 27)
B e {p,=0lp(X:,Xo) < 0y }, (28)
@(Vi)=0,p(Vi, Vo) < 6, (29)
X =[Xi, Z])" € RltTaxd (30)
Zi= 21,22, s 2a7, ]| € RO (31)

where ||M||; represents the Frobenius norm of matrix M. In terms of
model pruning, it can be seen that the PA-CNN-LSTM model deletes the
weak correlation tensor, reduces the dimension of X in the original
problem, and reduces the solving space, thus improving the convergence
efficiency. In the aspect of data augmentation, the augmented infor-
mation Z; provides the initial trajectory of the predicted sequence.
Furthermore, the initial trajectory based on mathematical programming
provides the deep learning model with more features from statistics and
indirect constraints on WSSF and WPSF.

The Seq2Seq structure is suitable for integrating relevant informa-
tion, statistical graphical models, and deep learning models for
sequential tasks [45]. Based on the pretrained CNNs, the Seq2Seq model
enhances model interpretability through the visual correlation between
the recent data and the reference data. Due to the symmetry of the
statistical correlation coefficient, the proposed two-phase Seq2Seq
framework is suitable for optimization by bidirectional networks [65].
Other popular choices for optimizing Seq2Seq models include attention
mechanisms [66] and shortcut connections or residual architectures
[671.

In addition, several variations of the proposed model exist. Without
the augmented corpus z;, the proposed model is an augmented CNN-
LSTM-LSTM (A-CNN-LSTM-LSTM) model. If Encoder 2 is hidden, the
remainder of the structure is a classical LSTM-based structure.

273
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5. Case study
5.1. Numerical experiment settings

The proposed model is evaluated by using the actual data from a
wind farm in Northeast China. Sixty-six correlated wind turbines (WTs)
are investigated, and the wind speed data are collected with a sampling
interval of 10 min. The WT signal data are divided into a training
dataset, test dataset and support dataset. The training dataset covers the
days from the 1st to the 25th of each month, and the remaining days
comprise the testing dataset. The support dataset is the dataset 20 days
prior to each sample, which is the input for the pruned and augmented
networks.

For the augmented networks, the length of the augmented sequence
is set to 6, which means that every 10 min of the WT signals in the next 1

h are completed by the OCM to generate the augmented input. The

ot ~t+1 ~t+At-1 /\H»AI)
)

output sequence of decoder 1 is set to Yp4r = o,y
which involves the one-step data correction of the original signals.

The time series cross-validation method [68] is employed to train the
parameters of all the models. The relationship between the length of the
support dataset and the convergence of the PACNN-LSTM-LSTM model
was investigated in numerical experiment I.

The mean absolute error (MAE), mean absolute percentage error
(MAPE), root mean square error (RMSE), R squared (R?) values and
training time are recorded as the evaluation metrics. The calculations for
the MAPE, RMSE and R? evaluation scores are shown in Formulas (32)-
(35).

PRRL] s

1<
MAE == S5 =i, 2
- ;\y, yil (32)
MAPE ="~/ » 100%, (33)
T o~
> Gi—w)
R=|1-5 , 34
2 (i y,-)2
(35)

where T is the total length of the time series, y; is the actual wind speed
in the test set, y; is the prediction and y is the average of the real values.
The mean RMSE is applied to compare the results of multistep
prediction.

1
MRMSE:NRMSE, (36)

where N is the number of test samples.

The RMSE function with L2-norm serves as the loss function
formulated in Formula (28). For the two-phase Seq2Seq structure,
RMSE(w; X, Yia¢) ensures the temporal relationship within the predic-
tion time horizon for decoder 1, and RMSE(w; X, Yt ar+n) improves the
accuracy of end point prediction for decoder 2. In this experiment, the
parameters of the loss functions are set to @; = a2 = 0.5 and 4 = 0.01.

L(Q)?X: Yiiar, Y1+A1+n) ay *RMSE((WX, Y/+A/+n) +ay* RMSE((U§X, Y/—A/)

2

+ Aol
37
In numerical experiment II, the effect of corpus augmentation,
pruned convolutional layer and spatiotemporal series are validated.

First, the effect of augmented data on the prediction is illustrated by
comparing the PACNN-LSTM-LSTM model and A-CNN-LSTM-LSTM



Y. Yang et al.

model. A ConvLSTM-LSTM model [69] based on the encoder-decoder
structure is employed to compare the effects of the unpruned convolu-
tional layer and pruned convolutional layer. As one of the classical
spatiotemporal series methods, the support vector machine (SVM) [70]
is selected as the contrast model for comparing the forecasting
performance.

The prediction algorithms are conducted on a personal computer
with an Intel(R) Core (TM) i7-9750H 2.6-GHz CPU, a 16.00 GB 2667
MHz RAM and an 8.00 GB GeForce RTX 2070 GPU. Considering the
optimal computing resources for different scales of the networks, the
pruned network is carried on a central processing unit (CPU), while the
unpruned network is run on a graphics processing unit (GPU).

5.2. Numerical experiment I: convergence verification

The convergence and error evaluation scores of the proposed method
are evaluated by introducing three optimization algorithms, namely,
Adam [71], Root Mean Squared Propagation (RMSprop) [72], and
gradient descent (GD) [73]. To verify the influence of the proposed
augmented method on the convergence performance, the support sets
are set to three lengths: (a) 2 days, (b) 10 days, and (c) 20 days. Fig. 8
shows the convergence effect of the three optimizers and the influence of
the augmented data on the convergence process of the optimizers.

In terms of model convergence, the loss functions based on the three
optimizers can converge quickly. Although the GD algorithm is set with
a high learning rate, its convergence process is the slowest. RMSProp
starts with the slowest convergence rate, but after 150 iterations, the
optimization of the loss function improves significantly. Compared with
the RMSprop and GD algorithms, the initial gradient descent rate of the
Adam algorithm is the fastest, and with an increase in the number of
iterations, the global stability of the convergence process is optimal.
Therefore, the Adam algorithm is taken as the optimization method of
the proposed model for precision comparison experiments. Based on the
Adam optimization algorithm, Fig. 9 shows the training MAPE, R? and
RMSE curves based on four datasets.

5.3. Numerical experiment II: comparative experiment with the
benchmark results

To verify the effectiveness, stability and accuracy of the proposed
methods, the datasets were divided by the time series cross-validation
method [68]. Table 1 lists the dominant statistical characteristics of
the four datasets. It is common that the wind speed signals of the four
seasons exhibit great fluctuations and variability. Compared with the
data of four seasons, the data fluctuation of Season 2 and Season 3 in-
creases significantly, which is recognized as an imbalanced data prob-
lem [74]. Table 2 shows the point prediction metrics of the four models.
Fig. 10 compares the multistep predictions of ConvLSTM-LSTM and the
proposed method.

The PACNN-LSTM-LSTM model performs the best in terms of the
RMSE, MAPE and R? of the four datasets. Without the augmented net-
works based on the OCM, PCNN-LSTM-LSTM exhibited the best MAE in
the Season 1 and Season 4 datasets.

In terms of MAPE, the PACNN-LSTM-LSTM model shows a more
stable forecast effect when the signals are near 0. Considering the
sparsity of the model, the sparse model based on network pruning is
more suitable for addressing data fluctuations. In addition, the SVM
model performs overfitting on the Season 2 dataset; overfitting is
commonly caused by the random fluctuation of the nonstationary time
series and the difference between the training set and the test set.

Considering the RMSE and R? scores of the training and test datasets,
the augmented data and network do have an important role in the sta-
bility and accuracy of the model for the multivariate multistep predic-
tion problem.
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Fig. 8. Convergence curve of three optimizers.
6. Discussion
6.1. Convergence and stability

In terms of convergence, the results of numerical experiment I
demonstrate the convergence of the proposed pruned and augmented
network based on three optimization methods. Among them, the Adam
optimizer exhibits the best convergence properties. Numerical experi-
ment II shows that the correlated temporal and spatial data are able to
improve the accuracy and stability of the LSTM-based encoder-decoder
network for the multistep WSSF problem. Compared with that of the
ConvLSTM-LSTM model, the RMSE of the multistep prediction of the
proposed PACNN-LSTM-LSTM is more convergent, as shown in Fig. 10.

It is found that the augmented data also affect the convergence and
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Fig. 9. Training performance curves of the four seasons.
Table 1
Characteristics of the datasets.

Period Mean (m/s) Std. Skewness Kurtosis Max. (m/s) Min. (m/s) Q-25 (m/s) Q-50 (m/s) Q-75 (m/s)

Season 1 6.4789 3.93253 0.871 0.903 27.4 0.1 3.29 5.95 9.13

Season 2 8.857 4.7567 0.33 —0.663 24.66 0.24 4.99 8.35 12.43

Season 3 8.2071 3.93161 0.497 -0.076 34.84 0.13 5.28 7.92 10.7

Season 4 6.9262 3.81219 0.812 1.5 29.86 0.19 4.26 6.75 9.08

Table 2 capacity, the correlation degree of the augmented corpus increases, and
E:ro:e aluation scores of 1-h ahead forecasting results the stability of the GD algorithm is notably improved from (a)-(c) in
AV - . N oy . P
i Fig. 8. In addition, the augmented networks restrict the training scope of
2 . .

Dataset Method MAE MAPE RMSE R neural networks by using the OCM to introduce more factors from the

Season 1 PACNN-LSTM-LSTM 0.1231 3.61% 0.1350 0.9985 correlation between the historical data and recent data. Therefore, the
PCNN-LSTM-LSTM 0.2805  7.12% 0.3027  0.9925 augmented corpus has a stabilizing role in the process of parameter
LTSI 0 000% 168 095 opimiation.

. . (] . g o . .

Season 2 PACNNLSTM.ISTM  0.3208  12.89% 03615  0.9672 In addition, due to sparsity and data correction, the proposed
PCNN-LSTM-LSTM 0.2819 14.25% 0.3753 0.9647 network is suitable for solving imbalanced WSSF data. As shown in
ConvLSTM-LSTM 1.1084  47.31%  1.3698  0.2776 Fig. 9, the RMSE and MAPE of the endpoint prediction values drop
SVM 26423 6717% 17320 -1.2972 rapidly and almost reach the bottom within 100 epochs, which indicates

Season3  PACNN-LSTM-LSTM 04483 5.29% 07544 0.9700 that the correlated data contribute to parameter optimization
PCNN-LSTM-LSTM 0.4785  5.48% 0.8065  0.9657 p P ’
ConvLSTM-LSTM 1.3490  15.77%  1.3363  0.7471
SVM 1.7309  28.01%  1.8062  0.6198 -

Season 4 ~ PACNN-LSTM-LSTM  0.1986  8.19% 0.2259  0.9849 6.2. Interpretability
PCNN-LSTM-LSTM 0.1968  8.38% 0.2299  0.9844
ConvLSTM-LSTM 0.4234  2477%  0.5952  0.7637 The input sequence and output sequence of the cross-correlation
SVM 07837  4256% 11122  0.3976 function and encoder-decoder structure are both bidirectional. The

stability of

the network [75].

With an increase in the support set
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bidirectional structure provides a visual data representation of a corre-
lation network referred to as the knowledge tree, as shown in Fig. 11.
The knowledge tree is a kind of sparse data structure that reduces the



Y. Yang et al.
(a) Season 1
2
- ® =ConvLSTM-LSTM
1.8 [ | —8—PACNN-LSTM-LSTM
16
14
€12
E
|
o 1
2
4
=08
06
-
04 o i
- -
-
02 PPl LY e
0
10 20 30 40 50 60
Timestamp(/min)
(c) Season 3
2
= ® =ConvLSTM-LSTM
18 [ |—8—PACNN-LSTM-LSTM
16 -
- - - ki ~
- S
" LT PP 4e ~s
oy - -
T 12 i -
£ ’
u
o 1t
= ’
[
=087/ Y
L
0.6
04
0.2

20 30 40

Timestamp(/min)

50

Renewable Energy 198 (2022) 267-282

(b) Season 2
2
~ ® =ConvLSTM-LSTM
1.8 [ |—8—PACNN-LSTM-LSTM
16
14 Y
-
@ »" ]
E 12 .- -
-
§ 1 »”
.
= -
Sos8 o
v ’
06 »7

3
S
.

o
[

10 20 30 40 50 60
Timestamp(/min)
(d) Season 4
2
= @ =ConvLSTM-LSTM
1.8 ' |—@—PACNN-LSTM-LSTM
16
14
212
£
u
@ 1
=
4
So0s8
06 )
T
045 v mm ®m === = *==-=-==-9
02
10 20 30 40 50 60

Timestamp(/min)

Fig. 10. Comparison of MRMSEs for multistep prediction of the two methods (ConvLSTM-LSTM and PACNN-LSTM-LSTM).
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Fig. 11. Knowledge tree: (a) a tree structure containing wind speed sequence and correlation information, (b) a layer extracting data flow for one time point, and (c)

a node including the relevant spatiotemporal data.

interference of noise sequences and contradictory data to machine
learning models. Each forecasting output can be traced to its corre-
sponding input samples, including correlations and other meteorolog-
ical information. If necessary, the output can be modified, deleted, or
added manually. Researchers can observe the influence of the relevant
spatiotemporal sequences on the forecasting model.

6.3. Training flexibility and hardware adaptability

The training processes of convolutional network pruning and the
two-phase encoder-decoder are separated. The complex convolution
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process has been split into time layers in daily offline training, thus
greatly improving the time efficiency. Compared with the ConvLSTM-
LSTM trained on GPUs, the PACNN-LSTM-LSTM trained on a CPU has
more advantages in training efficiency, and its training time is shortened
by 46%, as shown in Fig. 12.

The proposed multiblock deep networks can adapt to a variety of
hardware conditions. Considering the time demand and hardware re-
quirements, a typical encoder-decoder structure is extended to the two-
phase encoder-decoder network. This network separates spatiotemporal
feature extraction from model training and prediction. Through the
offline trained knowledge tree based on CNNs and fine-tuned, online
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Fig. 12. Training times of four models.

sequence training and prediction, deep networks can be applied to a
wide range of hardware conditions and meet the daily work re-
quirements of wind farms. A novel idea is to match each network block
to the optimal GPU or CPU computing units to address the problems of
computing limitation or computing waste.

6.4. Convex optimization of the cross-correlation model

The computational complexity of the proposed convex optimization
technique for the OCM model is O(n). Compared with the computational
complexity O(n*log(2N)) of the bisection method used to solve the SDP
model, the proposed convex optimization method is more efficient for
the fast data augmentation and data correction.

7. Conclusions

The network pruning and data augmentation based on cross-
correlation can effectively improve the traditional encoder-decoder
structure that is selected for wind speed signal forecasting. In this
paper, a convex optimized correlation model and a pruning CNN are
established to construct a sparse encoder network for the proposed two-
phase encoder-decoder deep learning structure. The proposed structure
inherits the classical encoder-decoder structure and extends spatial-
temporal feature extraction based on the augmented data and pruning

Appendix A
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CNN. The results of the numerical experiment demonstrate that the
proposed two-phase deep learning network improves the stability, ac-
curacy, and training efficiency for the signal prediction of the spatial-
temporal wind turbine by hybridizing the pruned network and
augmented network.
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The appendix is divided into two sections. In the first section, a nonlinear fractional programming problem (A-1) and its general solution are
introduced. The second section first describes the proposed quadratic fraction programming problem. On this basis, an efficient numerical method
based on closed form solution is proposed, and the corresponding derivation is presented. Then, the proposed problem is generalized to the multiple

blocks of variables.

A1l Nonlinear fractional programming and nonlinear parameter programming problem

A nonlinear fractional programming problem and a nonlinear parametric programming problem are introduced for the first time in the paper [61]
(Refer to Dinkelbach [61], p. 493). Let E" be the Euclidean space of dimension n,and let S be a compact and convex subset of E". Let p(x) : C— R and
q(x) : C—R be continuous functions of x € S, where C represents the convex set. Assume that g(x) > 0 for all. x € S.

A concave-fractional programming problem (A-1) and its corresponding parametric programming problem (A-2) are taken into account:

max{p(x) / q(x)|x € S}

max{p(x) — tq(x)|x € S} for t € E".

(A-1)

(A-2)

Paper [61] proved that problems (A-1) and (A-2) have solutions. Since p(x) and g(x) are continuous, S is compact, and the singular points defined

by q(x) = 0 are excluded.

Lemma 1.
tog(x)|xe S} = 0.
Furthermore, the theorem is still valid if “max” is replaced with “min”.

(Refer to Dinkelbach [57], p. 494. theorem): to = p(xo)/q(xo) = max{p(x) /q(x)|x € S} if, and only if, fo(to) = fo(to, Xo) = max{p(x) —

In this section, p(x) is assumed to be concave, and q(x) is assumed to be convex for x € S.
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In terms of optimization, Agrawal and Boyd classified this concave-fractional programming problem (A-1) as the following disciplined quasiconvex pro-
gramming (Refer to Agrawal [76], p. 6.).
min fo(x)
st fix) <0i=1,.,m (A-3)
Ax =b.

According to Lemma 1, a property of disciplined quasiconvex programming is obtained, as shown in Proposition 1. According to Proposition 1, its minimized
)

form mig) fo(x) = 7% can be represented via a family of convex functions ¢,(x) = — (p(x) — tq(x)).

XEL
Proposition 1. (refer to Agrawal [76], p. 3.). Quasiconvex representation via a family of convex functions: The sublevel sets of a quasiconvex function
can be represented as inequalities of convex functions. In this sense, every quasiconvex function can be represented by a family of convex functions. If a function
f: C—R is quasiconvex, then there exists a family of convex functions ¢, : C—R, indexed by t € R, such that

fE) <19, <0

The indicator functions for the sublevel sets of f,

_J0 fl) <
@, (x)= { o0 otherwise,
generate one such family.
A convex feasible problem (A-4) is then proposed to obtain the optimal value of the quasiconvex problem (A-3). Let p* denote the optimal value of the
quasiconvex optimization problem (A-3). If the feasibility problem
find x
s.t. @ (x) <0 )
filx) <0,i=1,..m (A-9)
Ax =b,

is feasible, then p* < t. Conversely, if problem (A-4) is infeasible, then we can conclude that p* < t. Problem (A-4) is a convex feasibility problem, since the
inequality constraint functions are convex and the equality constraints are linear. Thus, we can check whether the optimal value p”* of a quasiconvex optimization
problem is less than or more than a given value t by solving the convex feasibility problem (A-4). If the convex feasibility problem is feasible, then we havep” < t,
and any feasible point x is feasible for the quasiconvex problem and satisfies fo(x) < t. If the convex feasibility problem is infeasible, p* > t.

In terms of the solution of the quasiconvex problem, Algorithm 1 based on the bisection method is proposed as follows: The setting of the initial interval for
Algorithm 1 and the detailed proof of convergence are presented in the paper (See Dinkelbach [61], p. 495 or Boyd [63], p. 145-146).

Algorithm 1. Bisection method for quasiconvex optimization.

Algorithm 1 Bisection method for quasiconvex optimization.

given /< p’, u>p" tolerance £ >0.
repeat

L t=(I+u)/2.

2. Solve the convex feasibility problem (A-4).
3. if (A-4)is feasible, u:=¢; else [ :=¢.

until u—-/<§.

A2 Quadratic Fractional Programming

a) Quadratic fractional programming problem based on the OCM model

The proposed OCM model is a quadratic fractional programming problem with the boundary constraints. Let the time series X = X1,y xN]T c Rl bea
historical wind speed sequence of a wind turbine and let X' = [Xyy1, ..., Xn;a1]” € R2T*! be a time series that represents the augmented data of X . X =
[X,X]" € RN+4Dx1 represents the integrated sequence. Let p*(X") € {fo(x)|fo(x) : C—[0,1]} be the quasi-convex optimized function of the Pearson cross-
correlation. The proposed fractional quadratic programming problem is formulated as:

M(X") __cov(X,Y)-cov(X,Y)
D(X") "~ cov(X,X)-cov(Y,Y) (A-5)
st f(X) <0, i=1,.,m,

max  fo(X5X,Y) =
12

278
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where the boundary constraints f;(X") € {f(x)|f(x) : C >R} include the natural speed bounds of wind and the feasible upper and lower bounds of wind speed
according to the design of wind turbines.

By introducing a fixed constant t in each iteration, the quadratic fractional optimization problem (A-5) can also be transformed into a quadratic convex
problem (A-6) based on Algorithm 1. The value of the constant t is then gradually adjusted after each iteration until it approaches the optimal solution to the
original problem. The interval of t is known, that is, 0 < t < 1, as the physical meaning of the constant t is the square of the correlation coefficient (p?).

Based on the OCM model (A-5), the quadratic convex problem is shown as follows.

o

min_¢,(X") = p(X') —1q(X")

. (A-6)
st fi(X) <0, i=1,..,m,

where ¢, : C—R is a convex representation of sublevel sets of f for all t > 0. p(X") = X' M1 X" + MoX" + Mz and q(X*) = X'D1X" 4+ D2X" + D3 are the
quadratic functions of the augmented variables. The convex feasibility problem (A-6) can then be solved by semidefinite programming methods [77] based on the
following theorem.

Lemma 2. (refer to Lin [78], p. 1008-1009, theorem no. 3.1): Let f(X) = XTAX + BX + C = 0 be an n-dimensional quadratic equation, where A is an
X1 bl T
n-order, nonzero, real-valued symmetric matrix withrank(A) =r,X = | - | e >} B = | - € RV, C € R. a) If A is positive semidefinite, f(X) is a
Xn b,
convex function for all X € S; b) If A is negative semidefinite, f(X) is a concave function for all X € S.
Furthermore, for the unconstrained OCM model and OCM model with simple boundary constraints, there is an analytical expression, and it is proven that the
analytical expression of the one-dimensional case is also the optimal solution of the high-dimensional case. The related proposition and proof are given as follows:

Theorem 1. According to the Eqs. 12-22 in Section 3.1, the expression of the analytical solution in each dimension is equivalent to the analytical solution
obtained by separately solving the corresponding one-dimensional problem.

Let X and Y be two time series that have a significant linear correlation, where the sample size of X and Y is n. All samples in the sequence Y are known, while
the sequence X consists of a known sequence X and an unknown augmented sequence X". Letn' and n" be the sample sizes of X and X", respectively. Thus, the
sample size of X is also equal ton =n' + n".

Lemma 3. If Theorem 1 is true, whenn* =k (k > 1, k € N*), then it is also true when n* =k + 1.
Proof. If Lemma 3 is not true, then there exist two different optimal solutions for x, and h = 1, ..., k from quadratic convex problems (A-6) when the simple
size of X" is k and k+1, shown as follows.

. (k1
1, %Y = argming, (X e ))

x,® = argming, (X*(k)), (A-7)
Xh(k) # xh(k+l)7

)

where the top corner - represents the sample size of the augmented sequence X". Therefore, the inequality x; ¥ # x,**1) in (A-7) is true if and only if Lemma 3
is not true.

Let E" be an n-dimensional Euclidean space, where X and Y are two hyperplanes belonging to E", namely, X, Y € E". According to Zhang’s work on the
correlation coefficient (refer to Zhang et al. [58], p. 988), the function of the transformed correlation coefficient p(X, Y) : E"—R is a distance metric between the
hyperplane X and hyperplane Y, as shown in Eq. (A-8).

, _ cov(X,Y)-cov(X,Y)
XY cov(X, X)-cov(Y, Y)

n

<n12 Z D =) (i = yj)> 2 (8-8)

=1 j>i

EIDLEMIENIIESD 9p SLEIER)

=1 j>i =1 j>i

When the sample size n > 3 and the distance metric p are determined, the distance relationship between all the sample points x; and y; is uniquely determined
in Euclidean space E". Therefore, combined with Lemma 1, the inequality x,* # x;**1) in (A-7) is not true. Consequently, Lemma 3 is proved.

Lemma 4. Whenn = 2, the solutions from the corresponding one-dimensional quadratic optimization problem are solutions to the two-dimensional quadratic
optimization problem.

Let two sequences X and Y, X = [p1,p2, ..., X1,X2) and Y = [q1,9z2,-..,qn-1,Gn], be highly linearly dependent. The length of X and Y is n, where the last 2
dimensions of X, x; and xy are the unknowns written as follows: In a two-dimensional OCM optimization problem, the values of x; and x5 can be inferred
according to the maximization of the Pearson correlation coefficient.

According to the formula for variance and covariance, cov(X,Y), cov(Y,Y) and cov(X, X) are shown as:

COV(X7 Y) =g + CoxX1 + CioXa,

cov(Y,Y)=cy + clzxf +cp3x1 + c]4x§ + ci15x2 + CreX1X2,

cov(X,X)=cy7,

where cg ~ cq7 are constants. Based on Lemma 2, the quadratic convex problem (A-6) is equal to the parametric programming problem as:
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X"AX+BX +C=0, (A-9)

where A is a second—order, nonzero, real-valued symmetric matrix;

2, 2 1,
—Cy +p cncy —CyClo +§ﬂ C16C17
A= ,
1, 2 2
—CoCro + 5’0 C16C17 —Cjy + P cuacir
—2¢sCo + 2.
B— CgC9 + P CraCi7

. 2
—2cgc10 + poeiscr

_ 2 2
C= — Cg +pcncerr.

It is found that the Eq. (A-9) holds when the one-dimensional solutions Eqs. 12-22 in Section 3.1 for x; and x3 are introduced. Therefore, Lemma 4 is
proved.
Finally, based on Lemma 3 and Lemma 4, Theorem 1 is proven by mathematical induction.

b) A more general convex quadratic programming problem and its solver

In WSSF and WSPF problems, wind speed and wind power are often affected by the scheduling rules of the power grid and the control rules of WTs. These
rules tend to affect a certain number of power units on a subregional basis. The mathematical programs based on data analytics and optimization in smart
industry [79] are defined as convex quadratic fractional programming with block constraints. For solving the SDP problem in Eq. (A-9) or more general problems
with N blocks of variables, a MATLAB software package SDPNAL+ [80] is developed based on a Newton-conjugate gradient (CG), augmented Lagrangian
method [81] and a majorized, semismooth, Newton-CG, augmented Lagrangian Method [82].

The SDP problem with N blocks of variables is defined as:

N
min Z(CU),X@)
=
. . N A-10
S.t. A (X(/)) =b, 1< ZB(/) (X(/)) <u, ( )
j=1 Jj=1

X(/>€K(j), XU)GP(/), j=1,..,N,

3

where AV: X0 >R™ and BY): XU —>RP are given linear maps and PV): = {XV) € XV|LV) < X0) < UV} and LV, UY € XU) are given symmetric matrices
where the elements are allowed to take the values —co and oo, respectively. Here, XV) = 8% (R"), and KV) = XU or K = S} (RY). For subsequent expositions,
note that when XU) = 8% the linear map AV): S7—R™ can be expressed in the form of

A (X0) = [<A§/> (X)), ... (AD (X(/'))>]T7

where A, ...7A,(,’2 € S" are given constraint matrices. The corresponding adjoint (A")": R™—S" is then given by
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