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Abstract: In order to make the grid-connected planning of distributed generation more reasonable, the uncertainties of
intermittent distributed generation output and load forecasting are included in the solution process. Firstly, multi-scenario
analysis is introduced to transform the source load uncertainty problem into deterministic problem, and the Latin super-force
sampling method is used to generate the initial planning scene. The density peak clustering idea and elbow method are used to
improve the K-means clustering algorithm and reduce the scene. Secondly, the optimal allocation model of grid-connected
distributed generation is constructed with the minimum annual comprehensive cost as the objective function. Finally, in view of
the slow convergence speed and easy to fall into local optimum of particle swarm optimization (PSO), an adaptive inertia weight
factor is adopted to improve PSO, and the effectiveness of the proposed model and method is verified by IEEE 33-node standard

simulation example.
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1. Introduction

At present, China's distribution network is still mainly
operated by large units and large power grid, which has poor
power supply flexibility and reliability, is difficult to meet the
power demand of distribution network terminal load, and is
easily affected by fault disturbance, resulting in large-scale
power outage or even paralysis of the system [1]. Distributed
generation (DG), which is close to the user, has the
advantages of small floor area, high reliability of power
supply, flexible power generation mode, etc. [2]. Its power
generation is between tens of kilowatts and tens of megawatts,
which can solve the power supply problems of remote loads
and loads in remote areas, so as to make up for the defects of
large power grids. After the distributed generation is
connected to the distribution network, it has a certain impact
on the system operation mode and network loss, which is
closely related to its access location and capacity. Therefore,
the research on grid-connected optimal configuration of
distributed generation has become a major research hotspot
[31[4].

Scholars at home and abroad have made in-depth research
on the optimal allocation of distributed generation grid-
connected. Reference [5] considers three indexes of power
generation cost, environmental cost and active power loss
cost at the same time, and takes the minimum comprehensive
cost as the objective function, and constructs a distributed
generation location and constant capacity model. Reference
[6] considers the power cost, network loss cost,
environmental cost and voltage offset cost, establishes a
distributed grid-connected optimization model with the goal
of minimizing the total cost, and solves the model by using an
improved krill swarm search algorithm. In reference [7],
aiming at the voltage quality related problems after the
connection of distributed generation, the optimal
configuration model of distributed generation is constructed
with the objective function of minimizing the economic loss
of voltage sag and minimizing the investment cost of
installing DG, and the improved firefly algorithm is used to
solve the model. The above models start from various angles,

but none of them consider the influence of output and load
uncertainty of distributed generation, which leads to the lack
of rationality of distributed generation planning results.

To sum up, this paper takes the source load uncertainty into
account in the research of distributed generation grid-
connected planning, introduces the concept of multi-scenario
analysis, generates large-scale source load planning scenarios
to describe various situations that may occur in practice, and
substitutes them into the distributed generation optimal
configuration model to solve them, and optimizes them by
improving particle swarm optimization algorithm, and
simulates them on IEEE 33-bus system.

2. Uncertainty Modeling
2.1. Wind Power Model

Wind speed generally accords with two-parameter Weibull
distribution, and its probability function model is shown in
Equation (1)[8]:
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Where v is the actual wind speed; k and c are the shape
parameter and scale parameter of Weibull distribution
function, respectively.

The actual output power of the fan is closely related to the
wind speed, and the specific relationship can be expressed as
follows:
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Where PWTG is the rated active power of the fan; v_.,v ,

v,, are the cut-in wind speed, rated wind speed and cut-out

wind speed of the fan respectively; @y, is the power factor

angle for wind power generation.



2.2. Photovoltaic Model

The probability model of illumination intensity usually
adopts Beta distribution, and its functional expression is as

follows [9]:
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The actual active power output of photovoltaic changes
with the intensity of illumination. Photovoltaic generators are
generally equipped with reactive power compensation
devices to keep their power factors constant, so the
calculation formulas of actual active power and reactive
power output of photovoltaic are shown in Equations (5) and
(6) respectively:
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Where RfVG is the rated active power of photovoltaic; /, is

the rated illumination intensity; @, is the power factor

angle of photovoltaic generator.

2.3. Load Model

The probability model of load can be expressed by normal
distribution, and its active power probability density function
can be expressed as formula (7):
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Where f, and 0, are the expectation and variance of

active load respectively.

3. Multi-scenario Analysis

Multi-scenario analysis is one of the methods to solve the
problem that it is difficult to describe uncertainty by
mathematical model. The core of multi-scenario analysis is to
enumerate uncertain variables according to certain rules, and
turn uncertain problems into multiple deterministic problems,
which greatly reduces the complexity of problem solving.
Among them, the larger the scale of the generated scene, the
more accurate it is to describe the uncertainty problem, while
too few generated scenes may lead to the omission of some
representative scenes in the calculation, which greatly reduces
the accuracy of the model solution [10]. However, large-scale
scenarios will increase the computational time of
optimization problems. In order to solve the contradiction
between the accuracy of describing uncertain problems and
the optimization speed, we can build a large enough scene to
simulate uncertain problems, and then use the scene reduction
technology to generate typical planning scenes to calculate
the DG optimal configuration model to solve the solution
speed problem. It can be seen that multi-scene analysis mainly
includes scene generation and scene reduction.

3.1. Scene Generation

Based on the probabilistic model function of uncertain
variables, this paper adopts Latin super-force sampling to
generate large-scale scenes. Compared with Monte Carlo
simulation, Latin hypercube sampling can ensure that all
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sampling areas can be covered by sampling points, which
makes the sampling results more representative [11].
The cumulative probability density curve Y, = F,(x,) of

random variables X, is divided into N segments in the interval

[0, 1], and a probability value Y,,(1<n < N)is extracted from
each segment, and then the sample value of the variable
Y, = F'(x,) in the first segment is obtained by using the

variable X, .In order to make the error between the sample

expected value and the actual expected value of random
variables as small as possible, the importance sampling
method is used to improve Latin hypercube sampling, and the
sample value is obtained according to the importance in the
probability density function. The specific rules are as follows:
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From Equation (9), it can be seen that the probability below
the expected value is selected as the upper boundary point of
each interval, and the probability above the expected value is
selected as the lower boundary point of each interval. Each
sampling point is selected in a way close to the expected value,
which combines the idea of stratified sampling and
importance, so that the mean value of the obtained samples is
unchanged and the variance is small, and the error caused by
the tail feature of random function is reduced.
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3.2. Scene Reduction

K-means clustering algorithm is often used to reduce
scenes in multi-scene analysis. The main advantages of this
algorithm are simple principle, easy convergence and
efficient processing of large-scale data. However, K-means
clustering algorithm needs to artificially establish the optimal
cluster number K, and the random selection of K value and
initial clustering center point may lead to unstable final
clustering results and low clustering accuracy [12]. Therefore,
this paper introduces the idea of density peak clustering and
elbow method to improve K-means clustering algorithm.

(1) Density peak clustering algorithm

Clustering by fast search and find of density peaks
(CFSFDP) algorithm is an efficient clustering algorithm
proposed by Alex Rodriguez in Science in 2014. The core
idea of CFSFDP algorithm is to calculate the distance
between two samples in the sample set, and at the same time,
take a certain distance value about 1% ~ 2% before all
distance values as the truncation distance of the sample, and
define two variables, namely the local density of sample
points and the relative distance to high local density points,
by the truncation distance, and take these two variables as the
selection criterion of clustering center [13].

The local density of sample points is calculated from the
truncation distance as shown in Equation (10):
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When the size of the data set is small, the local density can
be calculated by Gaussian kernel function, as shown in
Equation (11):
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Calculate the mutual distance §, between arbitrary points,

as shown in equation (12):

rnm (d ), ifJj st p, >p,
5 =1 ' 12)
' max(dl.j), otherwise

Multiply p and O to get a product 7 and arrange it in

descending order of its value. The larger the value of 7, the
more likely it is to be the center of the cluster class. Therefore,
r value is taken as the initial clustering center selection
criterion.

(2) Elbow method

The elbow method has a good effect on K value of K-means
clustering algorithm. Its core index is Sum of the Squared
Errors (SSE):
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Where M ; represents the j-th cluster; x, is the sample

pointinM ;; c, is the cluster center of M ;.

The core idea of elbow method is that the sum of error
squares of samples changes with the fineness of sample
division, and the finer the sample division, the smaller its
value. When K samples the total number of samples, each
sample as the cluster center, at this time the sample clustering
degree is the highest, but contrary to the original intention of
clustering. When K is less than the true number of clusters,
the aggregation degree of each cluster will greatly increase
with the increase of K value, so the decline of SSE is steep,
while when K reaches the true number of clusters, the decline
of aggregation degree will slow down with the increase of K
value. In other words, the relationship between SSE and K is
elbow-shaped, and the K value corresponding to this elbow
joint is the true cluster amount of data.

4. Optimal Configuration Model of
Distributed Generation

4.1. Objective Function

Considering the operating economic benefits of
distribution companies and environmental factors in the
planning cost, the objective function of DG optimal allocation
problem is to minimize the annual comprehensive cost, as
shown in Equation (14):

k
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s=1

Where s represents the typical scene of source load; P (s)
is the probability of scenario s; C, Gy G C)s Cy and

(14)

Cjare DG investment cost, DG operation and maintenance

cost, power loss cost of distribution network, power purchase
cost of distribution network from superior power grid,
government subsidy cost and environmental cost respectively
under scenario s.

(1) DG Investment Expenses
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Where 7 is the cash discount rate; m is the planning period

(15)
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of DG; £ is the type of DG incorporated into the power grid
(1 stands for wind power generation; 2 stands for photovoltaic

power generation); NN, ., is the node set incorporated into
the power grid; C[[)Gk is the unit capacity investment cost of

k types of DG; P pai; 18 the installation capacity of the type k

DG of the node j to be installed.
(2) DG Operation and Maintenance Cost

()M z Z (Cgok Dok/)
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(16)

Where C*_ is the operation and maintenance cost under the

DGk

unit capacity of k types of DG; F pay; is the actual annual

power generation of type k£ DG at node ;.
(3) Distribution network loss cost

C,=CF

Loss

(17)

P is the total

Where C . is the on-grid electricity price; P,
annual active power loss of the line.
(4) Electricity purchase cost from higher authorities in

distribution network

C,=C.(PouTs— 2, D, Engy)
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Where P

’ o 1S the maximum load in the whole year; T,

max
the annual maximum load utilization hour.
(5) Government subsidy expenses
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Where C ’ is the government subsidy cost of DG unit

power generation.
(6) Environmental costs

CE = Z Z EDGkimg(bg +eg)

20
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m, respectively represent the mass of the g pollution gas

emitted by traditional thermal power generation per kilowatt
hour, as well as the penalty standard and environmental value
of this gas.

4.2. Constraint Condition

When planning DG, we need to consider the following four
constraints: power flow, voltage, current and DG installation
capacity constraints.

(1) Power flow equation constraint

P =U,> UG, cosb,+B,sin6,)
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Where P, and Q, are the injected active power and reactive
power of Node i respectively; U, is the voltage amplitude of
node i; The 911 is the phase angle difference between power
saving 1 and node j; Gy and B ; are the conductance and

susceptance of the branch.
(2) Node voltage constraint
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Where U,
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are the lower limit and upper

limit of the voltage amplitude of node i in the line respectively.
(3) Branch current constraint

23
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Where [ jmax is the maximum allowable current of branch j.
(4) DG Installation Capacity Constraint
24
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Where P, ., is the capacity of DG access node i; P, .. is
the maximum active power allowed by node i to access DG;
PL, w18 the total active load of the system; & is the

penetration rate of system DG connected to power grid.

5. Improved Particle Swarm
Optimization Algorithm

Particle Swarm Optimization (PSO) was proposed by
Kennedy and Eberhart in 1995, which originated from the
study of foraging behavior of birds. It updates the speed and
position of particles through individual extremum and group
extremum, and finally converges to the optimal solution. PSO
is an efficient optimization search algorithm through memory
and feedback mechanism [14]. The iterative formulas of
particle velocity and position in the iterative process are as
follows: (25) and (26), respectively:

v (k1) = v, (0)+ 61 [ () =%, (0] +6 [ 2, ()~ x, ()], (k+1) (25)
X (k+1) = x, (k) +v, (k) (26)
Where  is the inertia weight coefficient; 7, , 7, are random

numbers between intervals (0, 1); ¢, and ¢, are learning

factors, the former refers to the motivation factor of self-
learning, while the latter refers to the motivation factor
generated by referring to others' learning.

Aiming at the shortcomings of slow convergence speed and
easy to fall into local optimum in the optimization process of
particle swarm optimization, the improvement of particle
swarm optimization is proposed, and the specific
improvement measures are as follows:

(1) Adaptive inertia weight factor

Inertia weight factor @ is one of the important parameters
of particle swarm optimization, which reflects the ability of
particles to maintain their original state in the process of
optimization. In the early stage of iteration, in order to search
for the optimal solution, it is required that the search space of
particle swarm should be as large as possible, and the value
of inertia weight factor should be larger to make the global
search ability of particle swarm strong; At the later stage of
iteration, the algorithm is required to have the ability to
converge to the optimal solution quickly, so the inertia weight
factor should be reduced to enhance the local search ability of
particles, and then the whole algorithm can converge to the
optimal solution quickly. Therefore, this paper carries out
linear dynamic adjustment, so that it can automatically adjust
its size in the iterative process to achieve better coordination
between global search and local search, thus making the
whole algorithm have good dynamic performance. The
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specific adjustment method is shown in Equation (27):

(O = i)
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max k

max
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Where @, ;, and @, are the lower limit and upper limit of

inertia weight factor respectively; & is the current iteration

max 1 the maximum number of

number of the algorithm; k
iterations of the algorithm.
(2) Realization of genetic variation operation

Firstly, a certain number of particles are selected according
to a certain crossover rate p, , and they are regarded as parent

particles. Secondly, parts of the parent particles are exchanged
to form new individuals, and the parent particles are replaced
by offspring particles. According to a certain mutation

probability p, , some particle dimensions are initialized to

improve the population diversity of particle
optimization.

(3) Elite retention strategy

In order to avoid the loss of the optimal particles due to
genetic mutation operation, the optimal particles are retained
and directly inherited to the next generation. The purpose of
doing this is to preserve the individual optimal position with
high fitness function value, and prevent the "negative
optimization" effect of its particle swarm optimization
algorithm due to position update and mutation operation.

sSwarm

6. Example Analysis

Taking IEEE 33 standard node system as an example, the
network topology diagram of IEEE 33 standard node system
is shown in Figurel, where 1-33 represents node number, and
node 1 is the system balance node [15]. The system reference
voltage is 12.66 kV, the three-phase power reference value is
10MVA, the total active load of the network is 3715kW, and
the total reactive load is 2300kvar. The range of node voltage
is 0.9 ~ 1.1, and the convergence accuracy of power flow
algorithm is 10e-7.
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Fig 1. IEEE 33-node distribution network

The types of DG to be selected are wind power generation
system and photovoltaic power generation system, and Node
4, Node 7, Node 8, Node 14, Node 18, Node 20 and Node 32
are selected installation nodes of DG. In this paper, the related
parameters of DG grid connection are set as follows: the
capacity of a single DG is set to 50 kW, the power factor of
distributed generation is controlled at 0.85 with the
participation of reactive power compensation equipment, the
maximum active power installation capacity of DG at each
selected installation node is 400kW, and the total penetration
rate of DG access is 35%. It is explained here that whether it
is a wind turbine generator or a photovoltaic generator, its
single unit configuration shall be configured according to the
above requirements.

The specific parameters involved in the objective function
in the DG optimal configuration model are as follows: The



investment and operation and maintenance costs of wind
1

turbine are respectively C, . =lten thousand yuan/kW ,
Co¥ =0.33ten thousand yuan /kW;  The
operation and maintenance costs of photovoltaic generator
sets are respectively C} ., =1.3ten thousand yuan/kW ,
CP¥ =0.2ten thousand yuan / kW Electricity
C, =0.5yuan/kWh;
C, =0.25yuan/kWh; DG planning period is 20 years; The
discount rate is 0.1.

Considering the environmental benefits brought by DG
access to distribution network into the annual comprehensive

cost, Table 1 is the emission data of traditional thermal power
pollution gas involved in the environmental cost function.

investment and

price

Government  subsidy  expenses

Table 1. Emission data of traditional thermal power pollution gas

Types of polluted
gases CcO CO SO, NO,
Emissions
(g/kWh) 0.103 633 6.51 2.90
Environmental
value (yuan/kg) 0.881 0.019 5.25 6.92
Penalty standard 0.138 0.078 0831 7
(yuan/kg)

The probability model parameters of wind speed and
illumination intensity are obtained according to the annual
wind and light data of a certain place. Because the wind speed
and sunlight radiation intensity are different in each period of
a year, different parameters are adopted for each month in this
paper. See Table 2 for specific parameters. The relevant
parameters of the fan are:v,; =3.5 m/s, v,, =12 m/s and v,,=

20m/s; The relevant parameters of photovoltaic are:l, = 1
000 W/m?
Table 2. Parameters of wind and solar probability model in each
month
Wind speed Illumination intensity
Month k c a ,B
1 2.24 7.63 2.03 2.50
2 1.94 8.21 2.14 2.63
3 2.34 8.15 1.78 2.42
4 2.14 7.73 2.12 2.47
5 2.21 7.23 2.35 2.42
6 2.04 9.05 2.42 1.95
7 2.56 7.36 231 2.06
8 2.12 6.89 2.21 2.49
9 2.31 7.23 2.14 2.48
10 2.16 8.68 1.94 2.6
11 2.09 8.25 2.34 2.50
12 2.12 8.63 2.13 248

Then, 8760 hours of initial wind and solar output data are
obtained by Latin super-force sampling proposed in chapter 3,
and 8760 hours of load rate data are obtained by analyzing
historical load data. The source load data are combined into a
three-dimensional matrix to form an initial scene of source
load. Finally, the improved K-means clustering algorithm
proposed in chapter 3 is used to reduce the source load scene.
After clustering, 10 typical planning scenes are obtained, and
the scene reduction results are shown in Table 3:
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Table 3. Typical Scenarios

Scene F an Photovo.lt.aic Loafl. Scen.e‘
probability | probability | probability | probability
1 0.247 0.293 0.808 0.091
2 0.012 0.512 0.866 0.130
3 0.426 0.597 0.725 0.074
4 0.117 0.678 0.717 0.119
5 0.544 0.172 0.830 0.081
6 0.975 0.496 0.836 0.150
7 0.968 0.623 0.801 0.103
8 0.649 0.436 0.829 0.046
9 0.721 0.839 0.832 0.102
10 0.977 0.215 0.711 0.104

In this section, three different schemes are set first. Scheme
1: Do not install distributed power; Scheme 2: Install DG on
the node to be selected, but do not consider the uncertainty of
source load; Scheme 3: Install DG on the node to be selected,
considering the influence of source load uncertainty. The
improved particle swarm optimization algorithm proposed in
chapter four is used to realize the optimization of DG optimal
allocation model, and the results of DG planning are shown
in Table 4. Note here: 4 (0, 5) in the table means that 0 fans
and 5 photovoltaics are installed at Node 4.

Table 4. DG planning results of different schemes

Cost (ten

Program DG planning results thousand
yuan)
1 - 989.2
4(0,5),8(6,0),14(2,0),32(0,2) 896.14
3 14(6,0),18(4,0),20(3,0),32(4,1) 783.04

According to the analysis in Table 5-4, the comparison
scheme 1 does not consider the installation of distributed
generation, and the scheme 2 and scheme 3 rationally
configure the grid-connected position and capacity of
distributed generation, so that after DG is connected to the
grid, even after generating certain investment and operation
and maintenance costs, the annual comprehensive cost is still
lower than that when DG is not connected. This is because
DG access is equivalent to reducing the load demand of
distribution network nodes, reducing the power transmitted
on the line, and then reducing the power purchase cost and
network loss cost. Comparing scheme 2 and scheme 3 in the
table, it can be seen that after considering the uncertainty, the
optimal configuration result of distributed generation is more
reasonable. DG merging nodes are roughly distributed at high
load points near the end of the line, which reduces the network
loss caused by the increase of transmission capacity. At the
same time, injecting certain reactive power into the end load
improves the voltage level at the end of the line.

The specific costs incurred by the three schemes are
compared, and the specific results are shown in Table 5.

Table 5. Planning results of different programs

Cost (ten thousand Option 1 Option 2 Option 3

yuan)

C 0 100.43 107.47

Com 0 84.84 62.57

Cp 936.18 775.68 640.30

C, 53.02 40.07 39.19

Cs 0 78.75 49.35

Cg 0 26.13 17.14

Total cost 989.2 896.14 783.04




By comparing the costs incurred under different schemes
in table 5, the following conclusions can be drawn:

(1) After the distributed generation is connected to the grid,
the active power loss cost of the distribution network and the
power purchase cost from the superior power grid are greatly
reduced. This is because after the distributed generation is
connected, a certain amount of power is injected into the
merged node, which reduces the load demand of the node and
its connected nodes on the superior power grid, and also
reduces the transmission power of the line. This shows that
after the distributed generation is connected, the dependence
on the superior power grid is reduced, and the wind-solar grid
connection realizes certain self-compensation.

(2) The comprehensive cost of considering uncertainty is
lower than that of not considering certainty, and it is more in
line with the actual situation, which is consistent with the
conclusion that considering uncertainty is more practical in
the previous analysis.

At the same time, the influence of different planning results
on the voltage distribution of distribution network is analyzed,
as shown in Figure 5.2. It can also be seen from the figure that
the scheme obtained by considering uncertainty has better
optimization results for distribution network voltage
distribution.

1

0 5 10 15 o 20 25 30 35
R

Fig 2. Voltage distribution of distribution network under different
planning schemes

In order to prove the superiority and effectiveness of this
algorithm in solving DG optimal allocation model, this
algorithm, basic particle swarm optimization algorithm and
chaotic particle swarm optimization algorithm are simulated
on scheme 3 respectively. See chapter 4 for the parameter
setting of the algorithm. The obtained DG planning results are
shown in table 6, and the convergence characteristics of
different algorithms are shown in figure 3.

Table 6. Planning results of different algorithms

Total cost
DG planning results (10,000
yuan/year)
Basic PSO 14(5,1),18(4,0),32(0,2) 793.42
Chaotic
PSO 14(7,0),18(2,1),20(4,0) 786.91
Imgrs(ged 14(6,0),18(4,0),20(3,0),32(4,1) 783.04

From Table 6, we can get the results of DG planning under
different optimization algorithms and the required annual
comprehensive cost. The improved particle swarm
optimization algorithm proposed in this paper finally gets the
least annual comprehensive cost. It is also easy to see from
the convergence results of each algorithm curve in Fig. 3 that
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the elementary particle swarm optimization falls into local
optimum prematurely in iteration, and is not suitable for
solving nonlinear DG optimal allocation problem with
constraints; Chaotic particle swarm optimization algorithm is
slow in convergence speed and does not meet the practical
application requirements; The improved particle swarm
optimization algorithm proposed in this paper not only
effectively avoids the convergence of the algorithm to the
local optimum, but also guarantees the calculation speed and
accuracy.

0 50 100 150
AR H

200

Fig 3. Comparison of convergence characteristics of algorithms

7. Conclusion

In this paper, multi-scenario analysis is applied to solve the
problem of source load uncertainty in order to reduce the
complexity of solving this kind of problem, aiming at the
problem of distributed generation output and load forecasting
uncertainty in the research of distributed generation optimal
configuration. Firstly, the source charge probability model is
constructed. Secondly, Latin hypercube sampling is used to
get the initial planning scene of source load, and the improved
K-means clustering algorithm is used to reduce the scene;
Finally, the improved particle swarm optimization algorithm
is used to solve the distributed generation grid-connected
optimal configuration model. The simulation results show
that the economy of the grid-connected distributed generation
is optimal under the condition of meeting the operation
requirements of distribution network, and considering the
uncertainty of source load is more in line with the actual
planning requirements. At the same time, by comparing with
different algorithms, we can get the superiority of the
improved particle swarm optimization algorithm in solving
the optimal configuration problem of distributed generation.
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