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Abstract: Given the vitality of the renewable-energy grid market, the optimal allocation of clean
energy is crucial. An optimal dispatching method for source-load coordination of renewable-energy
grid is proposed. An improved K-means clustering algorithm is used to preprocess the source data
and historical load data. A support vector machine is used to predict the cluster of renewable-
energy grid resources and load data, and typical scenarios are selected from the prediction results.
Taking typical scenarios as a representative, the probability distribution of wind power output is
accurately obtained. An optimization model of the total operation cost of the renewable-energy
grid is established. The experimental results show that the algorithm reduces the error between
the predicted value and the actual value. Our method can improve the real-time prediction ac-
curacy of the renewable-energy grid system and increase the economic benefits of the renewable
energy grid.

Keywords: machine learning; renewable-energy grid system; probability distribution of wind power
output; dispatching optimization model; short-term prediction

1. Introduction

In order to solve environmental problems such as over-consumption of traditional
energy and increasingly serious air pollution, clean, efficient and flexible renewable energy
generation technology has gradually resulted in the development of electric energy [1,2].
As a new type of micro-power system, the renewable-energy grid can effectively support
the local consumption and grid-connected transmission of new energy [3,4]. However,
renewable energy with uncertain factors such as randomness, volatility and intermittency
seriously affects the optimal operation of the renewable-energy grid [5]. Further improve-
ments are required for operation safety, consumption efficiency and economic benefits
of the renewable-energy grid [6]. Compared with the traditional source-load forecasting
method, a machine learning algorithm can build a more accurate short-term forecasting
model by using historical source-load data for training. At present, there are many kinds
of machine learning algorithms for short-term prediction of source and load, and selecting
a suitable algorithm can better achieve an accurate source and load prediction [7].

Based on a proposed machine learning fusion algorithm, this study constructed a grid
dispatching optimization framework for renewable energy. Through a fusion algorithm,
historical source and load data were clustered and trained, and clustering results were
obtained according to the similarity of historical source and load. According to the training
results, an economic dispatch model of renewable-energy grid with coordinated source
and load was constructed, and the model predictive control MPC algorithm was used to
carry out real-time rolling correction control of the economic dispatch model to reduce the
error between the short-term source and load forecast value and the actual target value.
Finally, it was concluded that the method can reduce the operating cost of the renewable
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energy grid, verify the validity and feasibility of the model, and enhance the adaptability
of the renewable energy grid.

2. Related Work
2.1. The Main Challenges Facing the Power Distribution System in the Context of “Double Carbon”

To utilize the new features, the power distribution system faces the following main
three problems: (1) static problems, that is, economic dispatch and operation problems
caused by the uncertainty of loads such as distributed power and electric vehicles;
(2) dynamic problems, that is, the stability and power quality deterioration caused by
the low inertia characteristics of power electronic equipment and the complex dynamic
interaction; (3) management problems, that is, the management and regulation of a large
number of non-grid assets. On the one hand, a large number of new energy distributed
power generation devices are connected to the power supply side, which makes it difficult
for the system to formulate a scheduling plan [8]. On the other hand, the disordered
and random charging of a large number of electric vehicles brings about load uncertainty,
although there is an emergence of new power supply-and-consumption modes such as
customized power and demand-side response [9-11]. The dual uncertainty of the power
generation side and the load side exacerbates the problem of peak-to-valley difference
in the distribution system. The anti-peak regulation characteristics of the output of the
new energy power generation device (in extreme cases) and the randomness of the load
seriously restrict the new energy consumption in the distribution system. Capacity reduces
the economic benefits of the operation of the power distribution system [12].

The problem of power quality decline is prominent. The connection of a large amount
of power-electronic equipment effects the harmonic sources of the power distribution
system and there is a trend towards high density, decentralization and network-wide
distribution, which affects the quality of power supply. In addition, the influence of power-
electronic equipment on grid faults and voltage flicker is not yet clear. The trend of asset
digitization and equipment intelligence supports the transformation of the distribution
network, which will also lead to new problems in the distribution network [13,14]. On
the other hand, due to the increase in intelligent equipment, information security and
behavioral security are also issues that require attention.

2.2. K-Means

The K-means algorithm is an unsupervised learning and partition-based clustering
algorithm [15]. The Euclidean distance is generally used measure the similarity between
data objects. The similarity is inversely proportional to the distance between the data
objects. The larger the Euclidean distance, the smaller the distance, see Figure 1. The
algorithm pre-specifies the initial number of clusters k and k initial cluster centers, and
continuously updates the position of the cluster centers according to the similarity between
the data objects and the cluster centers, and continuously reduces the sum of the squared
errors (SSE) of the clusters. When the SSE no longer changes or the objective function
converges, the clustering ends and the final result is obtained. The core idea of the K-means
algorithm is: first randomly select k initial cluster centers C; (1 < i < k) from the data set,
calculate the Euclidean distance between the remaining data objects and the cluster centers
C;, determine the distance from the target data object to the nearest cluster center C; and
assign the data object to the cluster corresponding to the cluster center C;. Then calculate
the average value of the data objects in each cluster as the new cluster center, and perform
the next iteration until the cluster center does not change or reaches the maximum number
of iterations. To determine when to stop the calculation of the Euclidean distance between
the data object and the cluster center in the space the formula is:
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where x is the data object, C; is the i cluster center, m is the dimension of the data object
and x; and C;; are the j attribute values of x and C;. The SSE calculation formula of error
square sum of the whole data set is:

k

SSE=Y_ Y |d(x,C)? )

i=1 XGCi

Figure 1. Iterative process of K-Means algorithm.

2.3. SVM

Support vector machine theory has gained extensive attention in recent years because
of its solid theoretical foundation and many beneficial characteristics. It has been proved
that the Structural Risk Minimization (SRM), which is one of the most basic ideas of SVM,
is superior to traditional Empirical Risk Minimization (ERM). Unlike ERM, which tries to
minimize the error on the training set, SRM tries to minimize the upper bound of the VC
dimension so that its learning machine obtains better generalization performance, which
is one of the most important goals of statistical learning theory. The advantage of SVM is
that its method is based on the VC dimension theory of statistical learning theory and the
principle of structural risk minimization (i.e., the ability to identify any sample without
error) to seek the best compromise, in order to obtain the best generalization ability [16,17].
Several advantages of the support vector machine method are that it can: solve machine
learning problems in the case of small samples, improve generalization performance, solve
high-dimensional problems, solve nonlinear problems and avoid neural network structure
selection and answer the local minima point question. The SVM originally studied has
been used to solve binary classification problems but cannot be directly applied to multi-
class classification problems. How to effectively extend it to multi-class classification
problems is still a research problem. There are already algorithms to generalize SVM
to multi-class classification problems, and these algorithms are collectively referred to
as “Multi-Category Support Vector Machines” (M-SVMs) [18,19]. They can be roughly
divided into two categories: first, the multi-class classification algorithm based on the
improved objective function proposed by [20] in 1998 combines the parameter solutions
of multiple classification surfaces into an optimization problem, and solves the optimal
problem. The optimization problem achieves multi-class classification “at once”. Second, a
series of two-class classifiers can be constructed in some way and combining them achieves
multi-class classification. Although the first type of method appears simple, compared
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to the second method, there are far more variables in the process of solving optimization
problems, the training speed is not as good, and it is not dominant in classification accuracy.
These problems are more prominent when the number of training samples is very large.
For this reason, the second type of method is more commonly used. There are four main
branching algorithms in this type of method: one-to-many algorithm, one-to-one algorithm,
DAGSVM directed acyclic graph, and ECOC error correction code. Although these methods
have a theoretical basis, there is an optimization problem that leads to a lot of time in the
training process so they have not been well applied. Only the one-to-one algorithm and
the DAGSVM directed acyclic graph are applied in practice. Moreover, since one-to-many
SVMs and one-to-one SVMs need to use all classifiers when classifying unknown samples,
and the classification results are independent of the order in which the classifiers are used,
their combination is unique. There are many ways to combine the directed acyclic graphs
in DAGSVM, but experiments have shown that the combination changes have little effect
on the classification results and the number of tests of DAGSVM and ECOC is at least
N times, so it will not be well applied when there are many categories.

3. Methodology

3.1. Coordination and Dispatching Framework of Renewable-Energy Grid Source and Load Based
on Machine Learning

3.1.1. Renewable-Energy Grid Dispatching Optimization Framework

The historical training set has a great influence on the prediction results of the short-
term load forecasting model for the renewable-energy grid based on the machine learning
proposed in this paper. The historical data extends the time it takes to train models on
renewable energy grids. In order to solve the above contradictions, this paper combines
two methods of offline training and online training to build a renewable-energy grid
optimization scheduling architecture with model pre-training and rolling training, as
shown in Figure 2. Fusion algorithm model pre-training is an offline training method. Its
working principle is based on the fusion algorithm of semi-supervised K-means clustering
and a support vector machine. It uses the idle time before and after the online training of the
system to train the historical data of renewable-energy grid sources-and-loads. Furthermore,
simulated data, represented by the clustering scenario of similar days with uncertain
parameters, and the model’s predictive control algorithm conducts online training on the
training data in the offline training pre-dispatching and real-time scheduling stages of the
renewable-energy grid to realize real-time rolling training and reduce prediction errors.
This provides optimal scheduling results that conform to real-time operating conditions.

Training of economic
dispatching cost
model

* Accumulation of historical data |
Model pre training (offline training) Rolling training (online training)

S —————————————— === === ——=—
: Historical source || Data generated by | | : Generate incremental sample data :
| load interaction microgrid Il 11| Ultra short term prediction of i
| _data of microgrid simulation : I'| uncertain data such as micro | |
ST T l_ ~ Data training : grid source load |

——— X ___ setinput HPC rolling Incremental

| o

: Data preprocessing | | optimization sample data

I L . A

1 K- | . . 1

SVM || Real time online training

| |

I Means |

| |

] |

Unit commitment

lReduce scene
optimization training

Clustering analysis: 1. [ | 1L~ = ©1|
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adaptive uncertain data
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Figure 2. Microgrid scheduling optimization framework supported by machine learning.



Sustainability 2022, 14, 13939

50f13

3.1.2. Renewable-Energy Grid Economic Dispatch Optimization Model

This paper considers the renewable-energy grid market reward- and punishment-
costs and equipment operation- and maintenance-costs, and uses historical interactive
data and wind power load forecasts as the benchmark scenarios to determine the power
generation, start and stop of generator sets, charge and discharge of energy storage units
and purchase and sale of electricity from the main grid, etc., in order to achieve the source-
load dispatching target of the optimal operating cost of the renewable energy grid. The
source-load coordination interaction variable is introduced into the economic dispatch
model, and a two-layer source-load coordination model is constructed to improve the
matching degree of wind power and electricity load and reduce the amount of abandoned
wind. The upper model constructed is:

minF = (Poaa () ~ Pag(t))’ €)

where Pjo,q is the electricity load on the user side and Pyg is the wind power output. The
constraints of the upper model are:

T T
tgl Pllodd (t> = tgl Pioad (t)

APload (t) < “max(t)Pload (t) (4)
2< <5

min
se < rse

r

In the formula, P{ 44 (t) is the electricity load in the period t after the user’s demand
response, a™?(t) is the maximum load increase rate, AP,,q is the load change, Jon and
Joff are the peak and valley electricity prices after the response, respectively; rse and
rminse is user satisfaction and its lower limit. The construct of the lower-level model with
the goal of minimizing the total operating cost of the renewable energy grid, and inputting
the user-load power obtained from the upper-level model into the power balance constraint
of the lower-level model, then the lower-level cost objective function Cyy,; is:

T
minCia = Y Crr(t) + Co + Cap(t) + Cex(t) @)
=1

where T is the total number of time periods, and T = 24 in the pre-dispatch stage;
Crr(t) is the fuel cost of the renewable-energy grid gas turbine; Cy is the operation and
maintenance cost of the distributed power generation equipment; Cap(f) is the reward and
punishment cost; Cgx(t) is the renewable-energy grid and the main grid interaction costs.
The expression of each variable in Formula (5) is:

Crr(t) = P‘Ri(f) zCATLd

Co(t) = i P;(t)d;+ | Pes(t)des (6)
Cap(t) = Ky (min(0,h1))? + Koh3 — (we — weo) Ry () + cex (£) (H(F) — H(to))

Cex(t) = Dr(t)max{Ppx(t),0} + Ds(t)max{—Pex(t),0}

where Prr(t) and Agy are the output and power generation efficiency of the micro-turbine,
respectively; At is the unit dispatch time; dcys and Icpa are the price of natural gas and
low calorific value, respectively; d; and dgg are the unit maintenance cost of the distributed
generator set i and energy storage equipment, respectively; Pgs(f) is the charging and
discharging power of the energy storage device; h; and /3 are the inequality and equality
constraints, respectively; we and wep are the current stage and standard energy utilization
rate, respectively; Ry, (t) is the reward income for improving the unit standard energy
utilization rate; Cgx(t) is the penalty fee for increasing the unit standard of polluted
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exhaust gas; H(t) and H(tg) are the amount of polluted exhaust gas discharged during the
operation stage and the allowable standard polluted exhaust gas discharge, respectively;
Kj and Kj are the penalty factors when the conditions are not met, and are generally used to
meet the constraints. Taking the maximum value; Pgx () is the power purchased and sold
by the renewable-energy grid and the main grid, the positive value is the power purchase,
and the negative value is the power sale; D;(t) and Ds(t) are the purchase and sale
prices, respectively.

In order to ensure the stable and coordinated operation of all of the energy supplying
equipment in the pre-dispatch stage of the renewable energy grid, the paper takes power
balance, wind power, unit climbing, landslide power, energy storage equipment and power
interaction as model constraints, equality constraints and inequality constraints. The
conditional expressions are:

Pioad (t) — Prr(t) — Pyg(t) — Pex(t) — Pes(t) = 0
T T

tgl Plload (t)]/(t> < tgl Pload (t)](t)

pmin  Pi(t) < pmax

—Bown At < Pi(t) — Pi(t—1) < B; At

P (1) < Pex(t) < PE(t)

PEE™ < Pes(t) < PR

Smin < G(t) < Smax

@)

where J'(t) is the electricity price in the t period after the user-side demand response;
P;, PM® and PMM are the output of the wind turbine i and its upper and lower limits,
respectively; ﬁ?own and ,B?p are the lower limit and upper limit of the ramp rate of
the distributed generator set, respectively; PEy" and Pg¢* are the minimum and maxi-
mum values of the transmission power of the tie line, respectively; PR" and PE@* are
the minimum and maximum values of the energy storage output, respectively; S™" and
SM&X are the minimum and maximum values of the energy storage system charge in the

period t, respectively.

3.2. Short-Term Prediction Method Combining Semi-Supervised K-Means and SVM

The working principles of the semi-supervised K-means algorithm and the SVM
algorithm have been described in widely in the literature, so are not repeated here. The aim
of the fusion algorithm model based on two kinds of machine learning proposed in this
paper is to calculate the similarity between different samples in the sample set, and group
the samples with high similarity into a cluster, to realize the division of renewable-energy
grid samples. However, the predicted probability results obtained by the semi-supervised
K-means and SVM algorithms are not on the same scale, so this paper normalizes the
confidence of the two, and finally gives the final clustering result. The probability of the
fusion algorithm after normalization is:

L | s s o (st
Y Hs_x(xj Y H: X;
L(yilxi)g g x = weu sk (%) vEu svm () ®

L(yi | xi)gypy Other

where L(y; | xi)g_x, L(¥i | xi)gypm and L (yi|x;) g_g_ are the cluster prediction probability
of K-means algorithm, SVM algorithm and fusion algorithm, respectively; HS—K and
HSVM are the confidence of the predicted probability of the K-means algorithm and the
SVM algorithm, respectively; u is the weight adjustment coefficient; and U is the set of
samples (x;). First, on the basis of a large amount of historical data, the wind power
generation and load demand are screened according to the classical scenario analysis
method, and the probability distributions that the actual wind power data and typical data
obey in each time period of the day are determined. Second, the probability distribution
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of scenarios and time periods under different conditions is determined by the roulette
method, and the large number of wind power sample scenarios that have been generated
are reduced. When using the fusion machine-learning algorithm to reduce the scene, the
typical scene is used as the representative of a large number of complex scenes to accurately
obtain the branch information. In order to reduce the error between the actual output value
of the distributed power supply and the real-time scheduling target value, it is necessary to
correct the distributed values. The charging and discharging power of the power supply
and the energy storage equipment enhances the adaptability of the renewable-energy grid
and ensures the safe, stable and economical operation of the renewable-energy grid. The
real-time correction objective function is:

T 2 Pt _pt T Pt _pt T Pt bt /
o EX,j esz es,i DG,i DG,i Pload B Pload r—r
minV = ylz Z B VZZ i | + V32 5 + ,1442 BT | + s 7 )
t=1 ]:1 EX t=1 es,i t=1 DG,i t=1 load _ N——
_— —_——— —_———— ——— N
APes AppG APload

where ﬁt EX,j and péx are the predicted and corrected values of the renewable-energy grid

and the main grid traded electricity in the ¢ period, respectively; P, es ;and Pést are the
predicted and corrected values of the energy storage output in the ¢ perlod respectively;
PDGz and P§ hg, are the output of the distributed power generatlon equipment in the ¢
period, respectively. The predicted value and revised value; " and r are the predicted value
and revised value of microgrid revenue in ¢ period, respectively; and p =1, 2, 3, 4, 5 are the

weight coefficients.

3.3. Model Solution

The renewable energy power grid uses the fusion algorithm to cluster and predict
the historical source and load data, so that the source and load can be coordinated and
optimally dispatched. In order to further improve the flexibility and accuracy of real-
time scheduling of the system, based on the machine learning-prediction algorithm, the
deviation between the value and the given actual value is minimal. The optimal criterion
formula is:

minG(h) = (Y(h) — Y'(l))* + pAu?(h) (10)

where Y (h) and Y’(h) are the sets of training prediction output sequences and expected
output sequences, respectively; p is a constant, representing the weighted control coeffi-
cient; and Au?(h) is the control variable. According to the power balance equation of the
renewable-energy grid and the state-of-charge equation of the energy storage equipment,
the transaction power Pgy, the output Pgg of the energy storage equipment, the output 1515 G
of the distributed equipment, the user load P DG ; and the income r of the renewable-energy
grid were selected to form the state variable x(h). The control variable c(h) is composed
of APEX, APload and appg, the disturbance input d(h) is composed of distributed power
supply, ultra-short-term predicted power increment of load, appg, apioad, and the output
variable Y (h) is composed of P, to establish a multi-disturbance, multi-output state model,
as follows:

{ x(h+ At) = Hyx(h) + Hpc(h) + Hzd(h) a1

y(h) = [PL()]"

where Hy, Hy, H3 are coefficient matrices.
The real-time MPC algorithm has good adaptability and does not require high accuracy
in the model. In this paper, the real-time MPC algorithm was used to solve the economic
dispatch model. The solution flow based on the MPC prediction model is shown in Figure 3.
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Start

Input the similarity of the fusion
algorithm and the forecast data of
wind power and electricity price
obtained by clustering training

Build a multi input and multi
disturbance state space
prediction model (equation (9))

Read the real-time state
variable x(h) in the t period

Solve the upper model equation (2)
and the constraint condition is equation
(3) to obtain the matched user load

The objective function equation (6) of
MPC real-time rolling optimization
control is transformed into the mixed
integer nonlinear programming
problem equation (8), and the

Solve the lower level model formula (4) for
the user load after the input solution, and
update the predicted economic benefits
within the microgrid dispatching time

constraint condition is equation (5)

A 4
Solve the control time variable |

u(h) and the output variable y(h) |

NO

omplete scheduling cycle
optimization?

YES

Execute optimization
results

Finish

Figure 3. Solution flow based on MPC prediction model.

4. Experiments
4.1. Simulation Design and Basic Data

The validity of the economic optimal dispatch of the renewable-energy grid fusion
algorithm proposed in this paper was verified using the following steps: select 5 con-
ventional units, 8 fans and 2 energy storage devices, and use Matlab2017b software to
solve the problem through CPLEX simulation. The regulated demand response load is
introduced, and the parameters of the fan and energy storage equipment are shown in
Tables 1 and 2. Equipment operation cost is shown in Table 3, respectively. The cost of load
shedding is assumed to be CNY 2.5 / (kW~h)7l, and the cost of wind curtailment is CNY
1.5 /(kW-h) 1. The time-of-use price of electricity traded between the main grid and the

renewable-energy grid is shown in Figure 4.

Table 1. Relevant operating parameters of wind turbines.

Fan Cut i;/\zvnir.l:lj%)eed Cut O;:t/ (‘:111 i.I;(le)peed Rated Power/kW
1 3 20 150
2 3 20 150
3 3 20 150
4 3 20 200
5 3 25 200
6 3 25 200
7 3 25 250
8 3 25 250
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Table 2. Equipment parameters of the two energy storage systems.

. 1 Charge and Discharge
Parameter Capacity/(kW-h) Efficiency/% SOCpin SOCmax
Numerical value 150.00 95.00 0.15 0.90
Table 3. Distributed equipment operating costs.
Equipment Type Operation and Maintenance Cost/(CNY (kW-h) )
Fan 0.0307
Gas turbine 0.0658
Battery pack 0.0316
1.8
16 4 r
1.4 4
>
g 121 [
S
& 0]
0.8 -
0.6 o
0 5 10 15 20 25
time

Figure 4. Time-of-use electricity price for electricity transaction.

4.2. Analysis of Optimization Results

First, 600 scenes were initially selected through the classical scene analysis method,
and then further reduced to 10 typical scenes through the fusion algorithm, as shown in
Table 4. The probability of each typical scenario is shown in Table 5.

Table 4. Dataset Information.

Data Set Numb.er of Initial Characteristic Number Number. of
Screening Samples Categories
Wind power output 600 21 10
User load 150 9 4

Table 5. Typical scenario probabilities.

Scene Sequence Number Probability
1 0.3779
0.0884
0.1368
0.0028
0.0124
0.0951
0.0441
0.2224
0.0121
0.0120

O | X[ | |G| =W | DN

=
o
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We determined the accuracy of the semi supervised k-means algorithm, SVM al-
gorithm and fusion algorithm. It can be seen from Figure 5 that the accuracy of the
fusion iterative solution is maximized in the fifth iteration. The initial termination condi-
tion of the new iteration proposed in this paper is useful for improving the accuracy of
prediction results.

90 1
80 A
70
& \ ; -
< \ —+— Semi-supervised K-means
@ 60 —+— SVM
3 . —+ Fused methods
® 50 A
© %
40 -
30 4 /\’__A_/v—sv-—\
20

Figure 5. Comparison of three iterative algorithms.

The relationship between gas price and gas-price sensitivity is shown in Figure 6. It
can be seen from the comparison of the line chart that, on the general trend, the sensitivity
of gas price increases with the increase of gas price, and the adaptability of the total cost of
the renewable-energy grid to the sensitivity of gas price gradually decreases, and certain
energy storage equipment required to reduce gas consumption, increase the consumption
ratio of new energy, provide load support and play the role of peak shaving and valley
filling. It can be seen from the comparison that the renewable-energy grid is burning due
to energy storage factors.

400 4 -
—— swind storage

—+— wind fuel storage
350 A

300 A
250 A
200 +
150 A

100 A

0 1 2 3 4 5

Figure 6. Relationship between gas price and gas price sensitivity.

When the sensitivity of fuel prices increases, the adaptability of fuel prices is reduced
and the adaptability of renewable-energy grid costs is improved. The comparison of the
output of equipment before and after the optimization of renewable-energy grid dispatch-
ing is shown in Figure 7. It can be seen from the comparison of the line graphs that, in
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the overall trend, there is a big difference in the output of each device before and after
dispatch optimization. For example, in order to increase the utilization rate of wind power,
most of the wind power output curves after dispatch optimization are higher than those
before dispatch optimization, which also achieves the purpose of preferential consumption
of new energy. During the period from 00:00 to 07:00, the power interaction between the
renewable-energy grid and the market is relatively small. It mainly meets the demand for
electricity and stabilizes the power system, by absorbing wind power and charging energy
storage equipment, around 04:00 due to the uncertainty of wind power output. Due to the
limitation of discharge, the discharge is limited when the user’s electricity demand is large,
and the output curve of the energy storage equipment is relatively flat during this period.
The output of wind power increases significantly during the period of 14:00-23:00, and
the renewable-energy grid can import and export electricity to the main grid to improve
the energy consumption of the renewable energy grid. The cost comparison of scheduling
methods is shown in Table 6.

1400 A
1200 A
1000 A
—+— Energy storage charge and discharge power (before)
—+— Trading volume (before)
g 800- :
< —— wind power(before)
g —— Trading volume (after)
& 600 —— wind power(after)

—— Energy storage charge and discharge power (after)

400 A

200 A

0 5 10 15 20 25
time

Figure 7. Comparison of the output of each device before and after the optimization of microgrid scheduling.

Table 6. Cost comparison of scheduling methods.

Sil/‘[i?;;ting Daily Planned Dispatching Cost/CNY Daily Real-Time Control Cost/CNY
Real Ti Total Cost
Planned Tr:xa:sacltlilz) en Energy Punishment of Two
Fuell ".Fransz-ic- Energy Total Cost Fuel Unit Regulation Storage for .Aban- Total Cost Stages/CNY
Unit tion with Storage Control A . A doning the
. . with Main Regulation X
Main Grid . Wind
Power Grid
Tr;i‘tﬁggal 1842679  —1479531 60,426 423,574 561,385 579,452 31,587 20,367 1,192,791 1,616,365
The
method of 1,678,340  —1,165,752 —16,897 492,691 741,165 31,254 —6200 4786 771,005 1,263,696
this paper

The two-stage total cost obtained by the method proposed in this paper is lower than
the total cost of the original dispatch method, indicating that the proposed method can
effectively improve the economic benefits of the renewable-energy grid. It can also be seen
from Table 6 that the traditional day-ahead scheduling cost method fails to consider the
intermittency, volatility and other uncertainties of wind power generation when making
plans, resulting in poor adaptability of its pre-dispatch plan and the intraday operation
phase. Frequent adjustments increase the running cost of real-time regulation, resulting in
a higher final total running cost, so it will not be lower than the method proposed in this
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paper. The proposed method reduces the amount of abandoned wind and improves the
economic benefits of the renewable-energy grid.

5. Conclusions

Given the vitality of the renewable-energy grid market, the optimal allocation of
clean energy is crucial. In this paper, the optimization method of renewable-energy grid
dispatching based on machine learning is deeply analyzed. The improved K-means cluster-
ing algorithm is used to preprocess the source data and historical load data. Secondly, a
support vector machine is used to predict the clustered renewable-energy grid resource
and load data, and typical scenarios are selected from the prediction results. The matching
degree optimization model combines a semi supervised K-means algorithm with SVM
algorithm to improve the prediction accuracy of renewable-energy grid source load power.
The error between the predicted value and the actual value can improve the wind limit
phenomenon caused by the anti-peak regulation of wind power, ensure real-time and
flexibility of renewable-energy grid dispatching, improve the energy utilization rate of
renewable energy grid and achieve high efficiency.
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