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ABSTRACT 
The large number of accesses of distributed power supplies changes the distribution network from a 
passive network to an active network with small and medium-sized power supplies all over the 
network, which brings important impacts on all aspects of the distribution network, such as planning, 
operation, and power quality. The study analyzes the types of distributed power nodes and the 
traditional trend model of distribution network, studies the changes of voltage and network loss after 
the integration of distributed power sources into the distribution network, and analyzes the impact of 
different numbers, capacities and access locations of distributed power sources on the reactive power 
optimization of the distribution network by means of IEEE33 nodes. Analyze the impact of distributed 
power supply on distribution network. Firstly, the characteristics of distributed power supply are 
analyzed, distributed photovoltaic and distributed wind power operation models are established, and 
the influencing factors of the two power supply outputs are analyzed to generalize the distributed 
power supply output model. The basic principle of weighted least squares state estimation and its 
algorithmic process are introduced, and on its basis, an equation-containing constrained state 
estimation model for dealing with zero-injection nodes in the distribution network is introduced, and 
finally, the feasibility and validity of the proposed constrained state estimation model's state 
estimation method for the distribution network are verified through the analysis of an example of the 
IEEE 33-node system. Combining the sequence quadratic programming method and the idea of trust 
domain, the trust domain sequence quadratic programming method is proposed, and the use of the 
effective set method to quickly solve the subquadratic programming problem after downsizing is the 
key that the algorithm in this paper can solve the optimization problem relatively quickly. The 
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optimization results show that distributed power sources participate in active distribution network 
reactive power optimization and cooperative control to provide a theoretical basis, and the 
effectiveness of the method is verified through simulation cases. 

Keywords: distribution network, distributed power supply, basic weighted least squares, cooperative 
control 
 

1. Introduction 

With the continuous development of social productivity, the maintenance of electric power equipment 
with the development of science and technology from the original aftermath maintenance, gradually 
developed to preventive maintenance, and is constantly accelerating to the state maintenance stage. 
By carrying out condition monitoring to realize when the repair is repaired, so as to avoid excessive 
repair and when the repair is not repaired, in order to further improve the reliability and safety of 
power equipment operation [1-4]. The core meaning of the word “when” is to accurately determine 
the state of the equipment in real time to the extent that it needs to be “repaired”. In a nutshell, 
condition monitoring is online or offline can directly or indirectly, intuitively or implicitly reflect and 
characterize the operating state of the equipment signal sensing, acquisition, transmission, processing, 
preliminary diagnosis and other series of detection and monitoring methods, means, technology and 
devices [5-8]. Fault diagnosis is a manual or production operation system to analyze and judge the 
parameters, issue fault repair instructions and carry out maintenance work. Although from the 
technical point of view, the traditional preventive test of electric power equipment and its institutional 
arrangement can judge the equipment status to a certain extent, but from the real-time point of view 
and accuracy point of view, the preventive test is not enough to fully support the diagnostic level 
required for condition maintenance [9-12]. Therefore, the realization of condition perception through 
condition monitoring becomes an inevitable choice and development trend. With the promotion and 
implementation of development plans such as China's smart grid and ubiquitous power Internet of 
Things, the connotation of condition maintenance becomes more and more rich and far-reaching [13-
16]. Conditional maintenance compared to preventive maintenance, can realize the number of power 
outages and the number of operations of the double decline, improve equipment utilization and 
service life. At the same time, the innovation and development of condition maintenance in technology 
will lead to the optimization of the internal management process and mechanism of electric power 
enterprises, from the traditional more dispersed maintenance mode, transformed into a new mode of 
systematic comprehensive judgment, multi-professional departments collaborate with each other [17-
20]. Therefore, the study of machine learning-based state monitoring and regulation characteristics of 
distribution network with high percentage of distributed resources accessing the distribution network 
will help to monitor the state of the distribution network online and offline, and provide relevant 
monitoring data for the auxiliary decision-making system of the distribution network state 
maintenance, which will make the degree of automation of the distribution network state maintenance 
greatly improved [21-24]. 

This paper describes the relationship between distributed power sources and distribution network 
by describing the relationship between distributed power sources and distribution network. The IEEE 
33-node system is used to analyze the impact of different numbers, capacities and grid-connected 
locations of distributed power sources on the reactive power optimization of distribution grids, and 
then the operational indicators affecting the safe operation of distribution grids are analyzed from the 
perspective of the physical model, including the static voltage stability indicator, the indicator of the 
rate of change of the system network loss, and the fluctuation range of each indicator is calculated. On 
the basis of weighted least squares state estimation, an equation-containing constrained state 
estimation model for dealing with zero-injection nodes in the distribution network is introduced, and 
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the feasibility and validity of the proposed constrained state estimation model's state estimation 
method for the distribution network is verified through the analysis of the IEEE 33-node system 
example, and finally, the branch delimitation method is used with the quadratic programming 
algorithm of the sequence of the reliance domain to find the solution. 

2. Analysis of the impact of a high percentage of distributed resources on the 
distribution grid 

2.1. Distribution network current calculation model with high percentage of DGs 

2.1.1. Distributed Power Tide Modeling. Renewable energy generation equipment itself has an 
impact on the distribution network trend operation, which is generally categorized into three types of 
PQ nodes, PV nodes and balancing nodes, of which PQ nodes are mostly load nodes; balancing nodes 
are mostly power nodes, and PV nodes appear less often. Due to the different types of renewable 
energy power generation equipment accessing the nodes, which in turn leads to changes in the types 
of distribution network nodes, combined with the existing research, the trend model of renewable 
energy power generation equipment itself can be divided into four categories: PQ-type, PV-type, PI-
type, and PQ(V)-type. Among them, PQ-type and PV-type are the same as the traditional distribution 
network trend node types, and PI-type and PQ(V)-type are node types not found in the traditional 
distribution network. 

1) PQ constant type distributed power model. After renewable energy power generation is connected 
to the distribution network, the renewable energy generation power is in the opposite direction to the 
load power, which can be understood as the load with negative renewable energy generation power. 
This type is mostly wind power generation, such as asynchronous generator wind turbine is treated 
as a negative load, access to the grid model is as follows: 

 
s

s

P P

Q Q

 
 

 (1) 

where: sP  is active power, sQ  is reactive power. 

2) PV Constant Distributed Power Modeling. The PV node can be used as a load node, which is 
characterized by the node voltage magnitude remains constant, if the node belongs to the PV node, it 
represents that the node output is continuously injected with the appropriate reactive power to vet 
the node voltage magnitude constant. The access to the grid is modeled as follows: 
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 (2) 

where: SU  is the voltage of the distributed power supply. 

3) PI constant distributed power model. The PI node can be used as a load node, the active power and 
current magnitude of this node are maintained constant, and the access to the grid is modeled as 
follows: 
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 (3) 

where: SI  is the current of the distributed power supply. 

The PI node output reactive power is: 
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1 | | ( )k k kQ I e f P      (4) 

where: ke  is the real part of the voltage; kf  is the imaginary part of the voltage; I  is the current 
magnitude. 

4) PQ(V) Constant Distributed Power Modeling. PQ (V) node can be used as a load node, generally 
appearing in the renewable energy generation access to the distribution network, such nodes involve 
more parameters, the calculation is more complex, the general way of dealing with the following: 
renewable energy power generation is mainly based on wind power generation, wind generators to 
asynchronous generators are predominantly used to calculate the reactive power consumed by the 
wind generator in the process of operation, generally using the method of shunt capacitors to 
determine. The access grid model is as follows: 

 
1 ( )

s

k k

P P

Q f U

 
  

 (5) 

In addition, under certain conditions, a PQ(V) node can be converted to a PQ node, provided that the 
number of shunt capacitor inputs is greater than the maximum number that can be input. 

2.1.2. Distribution network current calculation with DG. The traditional distribution network has 
only one power source, and the current is transmitted in a single direction along the power source-
load, and the access of distributed power sources changes the characteristics of this single-direction 
transmission of the current, which is related to the access location and capacity of distributed power 
sources, and makes the distribution network node voltage, network loss and other parameters change. 

Distribution network trend calculation (including traditional trend calculation and optimal trend 
calculation) is the basis for analyzing the distribution network node voltage, network loss, branch 
overload, the traditional general use of the Newton-Raphson method, Gaussian Saidel method of 
distribution network trend calculation, but due to the traditional distribution network trend 
calculation method will be due to the access of distributed power to change the direction of the trend 
is no longer applicable [25]. In order to solve this problem, scholars have proposed the branch method 
and node method to calculate the distribution network trend of multiple power supply access, and the 
difference between traditional algorithms lies in the selection of variables, the branch method to 
establish the system state equation and solve it with the parameters of the distribution system branch 
(power or current), including the method of forward back to the generation method and loop 
impedance method; the node method selects the node's injected current or power as well as the node 
voltage as the object of the study, and typical node methods are Newton method Typical nodal methods 
include Newton's method and various kinds of fast decoupling algorithms. 

The above methods can be applied to the distribution network trend optimization of distributed 
power access, but for the distribution network with more nodes, there are more variables, more 
nonlinear equations and other problems, which directly lead to the distribution network trend 
calculation time is too long. For this reason, this paper adopts the second-order cone relaxation 
planning method to reduce the number of nonlinear equations and nonlinear variables, and at the 
same time, the method can be compatible with the CPLEX solver to solve, which effectively reduces the 
time and improves the quality of solution for distributed power supply access to distribution network 
currents. 

2.2. Impact of high percentage of DG on distribution network operation 

2.2.1. Impact of DG on distribution network currents. The topology of the distribution network 
presents a radial type, and the distribution network current ϐlows from the energy side to the load side, 
and with the ϐlow of the current, the grid voltage magnitude decreases along the direction of the 
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current due to the network losses caused by the resistance and reactance of the distribution network. 
When renewable energy power generation is connected to the grid, it makes the voltage at the 
renewable energy access point increase, and if the renewable energy power generation equipment 
access is more, or the access capacity is larger, or the load at that node is smaller, it will lead to the load 
node voltage being higher than the substation bus voltage, which results in the distribution network 
trend ϐlowing in the reverse direction, and increases the uncertainty and difϐiculty of the optimal tidal 
current calculation of the distribution network [26]. 

2.2.2. Impact of DG on distribution network voltage. When the distributed power supply accesses 
the distribution network, according to the different access position and access capacity, the 
distribution network voltage distribution exists as follows: 

1) When the distributed power supply capacity is small and accesses the end load position, the 
distribution network end load voltage is raised by a small margin, but due to the small access capacity, 
the distribution network network overall tidal current distribution law basically remains unchanged, 
and the voltage is gradually lowered from the first end node to the end node. 

2) When the distributed power supply capacity is larger and accesses the end load position, the end 
load voltage of the distribution network is greatly improved, and when the capacity of distributed 
power supply is larger than the load power of the access point, the voltage at the end of the line is 
higher than that at the first end of the line, and there is a bi-directional trend in the distribution 
network, and the voltage distribution of the distribution network is changed. 

3) When the distributed power supply capacity is larger and access balance node, at this time, 
although the access distributed power supply capacity is larger, it will not change the direction of 
distribution network trend distribution, the distribution network trend is still flowing from the first 
end to the end, and from the first end to the end, the voltage still presents a gradual reduction trend. 

2.3. Example analysis 

2.3.1. Static voltage stability indicators. The simulation process of the static voltage stability index 
by connecting the distributed power supply in Table 1 to the distribution system is as follows: 

1) Find the system branch impedance matrix Z . 
2) Calculate the system node voltage value iU , active iP  and reactive iQ . 

3) Operate the static voltage stability index i j  for branch ij . 

4) Find the maximum value of system static voltage stability index max . 

5) Change the penetration rate of distributed power in the access system and repeat the above steps. 

Table 1. Basic parameters of distributed power supply simulation  

Distributed power number Access node Node type PDG/p.u QDG/p.u Node voltage 

DG1 2 PV 0.007 - 1.01 

DG2 5 PQ 0.007 0.005 - 

DG3 11 PQ 0.007 0.007 - 

DG4 28 PQ 0.007 0.007 - 

 
Distributed power penetration is set to 0, 20%, 40%, 60%, 80% and 150%, and the results of amax 

operation are shown in Table 2. 

Table 2. Static voltage stability index 

Permeability 0 20% 40% 60% 80% 150% 

amax 1.1431 0.1354 0.1276 0.1157 0.1396 0.1538 
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The voltage at each node for different permeability is shown in Fig. 1. The static voltage stability 

index of each branch is shown in Figure 2. As can be seen from Figure 1, after the access of distributed 
power supply, the system node voltage gets a significant increase in the level. With the increase of 
distributed power supply access capacity node voltage level continues to improve, the overall trend 
after accessing different penetration rates is similar to the trend when not accessing distributed power 
supply. At the same time, it can be seen from Figure 2, after increasing the penetration rate of 
distributed power supply, the system of static voltage stability indicators of each branch circuit 
continues to decline, the voltage stability of the corresponding enhancement, and stability to improve 
the stronger points are distributed power supply access nodes. It can be seen that different distributed 
power supply access penetration rate on the distribution network static voltage impact, the two nearly 
proportional relationship. Distributed power access in the branch with poor static stability, by 
increasing the static voltage of the corresponding branch, the static voltage stability of the distribution 
network is effectively improved. 

Although distributed power supply access can provide a strong side to the distribution network 
voltage, but access to distributed power supply penetration is too large will make the system work at 
high voltage levels, access to distributed power supply access capacity of 150% of the load capacity of 
the system, there are multiple node voltage overruns in the system, affecting the normal operation of 
electrical equipment. 

 

Fig. 1. Relationship between permeability and static voltage of DG 

 

Fig. 2. Voltage stability index 

2.3.2. Rate of change of network losses. When analyzing the rate of change of system network loss, 
the rate of change of system network loss is calculated from the consideration of two aspects: the 
access capacity of distributed power supply and the access location, respectively calculating the total 
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network loss of the system without accessing distributed power supply and the total network loss of 
the system after accessing distributed power supply. The distributed power supply access program is: 

1) Unchanged access location. Accessing DG3 alone and changing the DG3 injection power, the 
variation of the system network loss change rate   with the distributed power injection capacity is 
shown in Fig. 3. From the ϐigure, it can be seen that with the increasing power injected by the 
distributed power supply, the change trend of the network loss change rate   is ϐirst increasing and 
then decreasing. It can be seen that the distributed power access capacity is not the larger the better, 
but there is an injection value that minimizes the system network loss value. When conϐiguring the 
distributed power capacity, the system network loss is lower when the distributed power access 
capacity is 1400kW~2000kW. 

 

Fig. 3. Relationship between access capacity and network loss change rate 

2) Constant access capacity. The distributed power supply with constant injected power of 800kW is 
connected to each node of the system respectively, and the rate of change of the system network loss 
  is shown in Fig. 4. From the ϐigure, it can be seen that the distributed power supply access location 
on the total system network loss has a greater impact, access nodes 6-17, nodes 26-32 when the 
system network loss is small, connected to the 1, 18, 19, 20, 21 nodes when the system network loss 
is relatively large, so when conϐiguring the distributed power supply in the distribution network, the 
consideration of the system's total network loss factors should be accessed in the middle of the line 
and the middle of the middle of the back position. In addition, the system network loss when 
connecting 4MW distributed power supply to 11 points and 1MW distributed power supply to 2, 5, 11 
and 28 nodes respectively is 180.2kW and 96kW, from which it can be seen that the decentralized 
access to distributed power supply system network loss is lower compared to the centralized access. 
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Fig. 4. Inϐluence of access location on distribution network loss 

3. State estimation of high percentage of DG access to the distribution network 

3.1. Weighted least squares based state estimation model 

As a classical algorithm for state estimation with good convergence and high estimation quality, the 
weighted least squares method is the most widely used, which is an estimation method that obtains 
the optimal solution of the state variables by finding the minimum value of the weighted least square 
sum of the measurement errors under the conditions of given network wiring, branch parameters, and 
measurement information [27]. 

3.1.1. Fundamentals of the algorithm. Given the network wiring, branch parameters, and quantity 
measurements, the system state variables and quantity measurements satisfy the following 
relationship: 

 ( )z h x v   (6) 

In the formula, T
1 2[ , , , ]mz z z z   represents the measurement phase, the number of measurement 

is m  ; T
1 2[ , , , ]nx x x x    represents the state variable phase, the number of state variables is n  ; 

T
1 2( ) [ ( ), ( ), , ( )]mh x h x h x h x    represents the measurement function phase, whose dimension is the 

same as that of the measurement phase, which describes the nonlinear mathematical relationship 
between the measurement and the state variables; r

1 2[ , , , ]m      represents the m -dimensional 
measurement error phase. 

The weighted least squares method is to obtain the optimal solution of the state variable by 
minimizing the weighted sum of squares of the measurement error, so the objective function can be 
established as: 

 min ( ) [ ( )] [ ( )]J x z h x W z h x  ú  (7) 

where W   denotes the m m  -dimensional measurement weight redown, 
2 2 2

1 2(1 / .1 / , .1 / )nW diag      where i  denotes the i th measurement error standard deviation. 

Since the measure function ( )h x   is a nonlinear function of the state variable most x  , it is not 
possible to compute the estimate of the state variable x̂  in a self-adjoint manner, and it can be solved 
using the Newton Raphson iterative algorithm. Linearize ( )h x : Let 0x  be some approximation of the 
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state variable x , and Taylor expand ( )h x  around 0x  to obtain an approximate linear expression for 
( )h x  after neglecting quadratic and higher nonlinear terms: 

 0 0( ) ( ) ( )h x h x H x x    (8) 

where 0x x x     denotes the correction of the state variable; ( )H x   denotes the m n  th order 
Jacobi matrix consisting of the partial derivatives of the measurement function with respect to the 
state variable x , which is calculated by the formula: 

 

1 1 1

1 2

2 2 2

1 2

1 2

( ) ( ) ( )

( ) ( ) ( )
( )

( )

( ) ( ) ( )

n

n

m m m

n

h x h x h x

x x x

h x h x h x
h x

x x xH x
x

h x h x h x

x x x

   
    
   

       
 
    
    





   



 (9) 

Bringing Eq. (8) into Eq. (7) yields the state estimation objective function under the linearized 
measure function: 

 0 0min ( ) [ ( ) ] [ ( ) ]TJ x z H x x W z H x x        (10) 

where 0( )z z h x    represents the amount of measurement error phase. 

3.1.2. Basic ϐlow of the algorithm. The basic ϐlow of the state estimation algorithm based on weighted 
least squares is shown in Fig. 5, and the speciϐic computational steps are as follows: 

Step 1: Input the network parameters, measurement data, given the initial values of the state 
variables and the convergence conditions. 

Step 2: Set the number of iterations 1k  . 
Step 3: Calculate measurements ( )ˆ( )kh x  as well as Jacobi matrix ( )ˆ( )kH x  from the existing state 

variables. 
Step 4: Calculate the information matrix ˆ( )G x   using the Jacobi matrix ˆ( )H x   as well as the 

measurement weights though descending W . 
Step 5: Calculate the corrections to the state variables ( )ˆ kx . 
Step 6: Determine whether the convergence condition is satisfied: if ( )ˆmax kx    , end the 

computation, otherwise, 1k k   and make corrections to the state variables and return to step 3 to 
continue the iteration. 
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Initializes network parameters and 
algorithm initial data

Start

Set the number of iterations k=1

 
( )ˆmax kx  

 
Count state variable correction

( )ˆ kx

 
Computational information matrix

ˆ( )G x

Calculate the measured value

Calculate the Jacobian matrix

ˆ( )h x

ˆ( )H x

End

 
Use ( 1) ( ) ( )ˆ ˆ ˆk k kx x x   

Fix the state variable

 1k k 

 

Fig. 5. Basic ϐlow of weighted least squares state estimation algorithm 

3.1.3. Handling of Equation Constraints. Currently, the most common approach is to consider the 
zero-injection measure as an equation of equational constraints on the objective function, and to write 
all zero-injection measures as ( ) 0c x  . Thus, the weighted least squares state estimation model that 
takes into account the equational constraints can be expressed as: 

 
†min ( ) [ ( )] [ ( )]

. ( ) 0

J x z h x W z h x

st c x

  


 (11) 

The above model can be solved using the Lagrange multiplier method: 
First, the Lagrange multiplier equations are constructed by increasing the Lagrange multiplier 

phase  : 

 ( ) ( ) ( )TL x J x c x   (12) 

The Lagrangian equations are derived separately for the state variables as well as for the Lagrangian 
multipliers and the derivatives are made zero: 

 2 [ ( )] 0T TL
H W z h x C

x


    


 (13) 

 ( ) 0
L

c x



 


 (14) 

Eq. /C c x  . 
Writing Eqs. (13) and (14) uniformly in matrix form: 

 
2

0

T T TxH WH C H W z

C c
    

         
 (15) 

The state estimation problem with equation constraints can be solved iteratively using Eq. (15), and 
this method can ensure that the state estimation result of the injected power at zero-injection nodes 
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is strictly zero. However, this algorithm adds Lagrange multipliers to the state estimation, and due to 
the large number of zero-injection nodes, the Lagrange multiplier method will DD increase the 
computational scale and reduce the computational efficiency. 

3.2. Distribution Network Hybrid Measurement State Estimation and Monitoring 

3.2.1. Measurement transformations. For conventional PQ-type loads, the injected current is derived 
from the load power measurements as well as the node voltage estimates for each iteration: 

 
*

f M li li
lri lxi

i

P jQ
I jI

V
  
   

   (16) 

where ,k nP Q   denotes the node i   load active and reactive measurements, respectively, ,M M
m kI I i  

denotes the real and imaginary parts of the node i  load equivalent injected current measurement, 
respectively; i  is the load node i  voltage. 

For asynchronous wind turbine and photovoltaic power generation systems, they can be regarded 
as PQ(V) nodes and PQ nodes, respectively, and their injected currents are calculated similarly to loads: 

 
*

gi giM M
gri gxi

i

P jQ
I jI

V

 
   

   (17) 

where ,gi giP Q   denotes the DG active and reactive power measurements at node i  , respectively, 

,xn gnI I   denotes the real and imaginary parts of the DG equivalent injected power measurements at 

node i , respectively; and iV  is the DG node i  voltage. 

For the branch power measurements, similar to the load and DG injected power measurements, they 
can be converted to equivalent branch power flow measurements: 

 

•

brj brjM M
brj bxj

j

P jQ
I jI

V

 
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 


 (18) 

where ,h hP rj Q rj  represents the active and reactive power measurements at the first end of branch 

j  , ,M M
h hI rj I xj   represents the real and imaginary parts of the equivalent power measurement in 

branch j  , and jv   is the voltage at the first node of branch j   where the corresponding branch 

power measurement is located. 

3.2.2. Measurement Functions and Jacobi Matrices: 

1) For node injection current phase measurement, the measurement function is: 

 ( )
i i

C C
n xi brm brm bxm bxn

n n

I jI I I j I I
 

       (19) 

where ,c c
n xiI I  is the calculated value of the real and imaginary parts of the injection current at node i , 

respectively; ,brm bxmI I  denotes the real and imaginary parts of the upstream branch current at node 

i  , respectively; i   denotes the downstream node of node i  ; and ,bm hxnI I   denotes the real and 
imaginary parts of the downstream branch current at node i , respectively. 

For the injection current measurement at node k , the corresponding row of the Jacobi matrix can 
be expressed as: 
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The specific elements are shown below: 
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2) For branch current phase measurement, the measurement function is: 

 C C
brj bxj brj bxjI jI I jI    (24) 

where ,C C
brj b jI I   is the calculated value of the real and imaginary parts of the current of branch j , 

respectively. 
For the current measurement of branch k  , the corresponding row of the Jacobi matrix can be 

expressed as: 
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The specific elements are shown below: 
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   (26) 

 0 0bxk bxk

rs rs

I I

V V

 
 

   (27) 

 

1,

0,

1,

0,

brk

brj

bxk

bxj

j kI

j kI

j kI

j kI


   


   

 (28) 

3.2.3. Handling of zero-injection nodes. For the zero-injection node, as shown in Fig. 6, since the 
injected power of node i   is strictly zero, its injected current is also zero. Therefore, its upstream 
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branch current is equal to the sum of its downstream branch currents, and the constraint equation for 
zero-injection node i  can be expressed as follows, using the real and imaginary parts of the branch 
currents as state variables: 

 1 2 ...brn br br brnI I I I     (29) 

 1 2 ...bxn bx bx bxmI I I I     (30) 

where brnI  and bxnI  denote the real and imaginary parts of the branch current upstream of node i , 

respectively; brnI  and bxmI  are the real and imaginary parts of the mth branch current downstream 
of the node. 

Node j
mI

1bI
2bI

bmI

0iI 

Node i

Branch 1

Branch 2

Branch m

…

Injection current

 

Fig. 6. Zero injection node diagram 

3.3. Example analysis 

The voltage level of the distribution network used in the example is 12.66 kV and contains a total of 
33 nodes and 32 branches. The calculation is carried out by using the scalar value, and the selected 
voltage base value is the same as the voltage level of the distribution network, which is 12.66 kV, and 
the power base value is 10 MW, and the maximum allowable error εx is taken as 10-6. Simulation is 
carried out by using the Matlab R2016a software, and the hardware is the Intel(R) Core(TM) i5-8265U 
CPU@1.60 GHz. In order to fully validate the the effect of state estimation at the time of PV power 
access, the following 2 working conditions are illustrated as an example. 

3.3.1. Case 1. In the nodes numbered 5, 21, 32 access to the rated power of 20kW PV power 
generation system, and then based on the above weighted least squares method, the state of the 
distribution network for PV energy access is estimated. Limited to space, here only selected nodes 1-
16 state estimation results as an example to analyze and illustrate; PV access before and after the 
distribution system in the node voltage speciϐication, the speciϐic value of the phase angle as shown in 
Table 3, the trend of change as shown in Figure 7. 

From the table and figure, PV access before and after the node voltage Mississippi curve almost 
completely overlap, most of the node voltage Mississippi change very little, the voltage phase angle 
and the balance of the node of the difference between the node are reduced, of which 14, 15, 16 nodes 
of the voltage phase angle of the absolute value of the reduction of the larger, which shows that the 
access of PV to play a role in improving the role of the phase angle of the node voltage. 

Table 3. The voltage mark and voltage Angle of the posterior node of the pv 

Node number 
After pv access Pv access 

Voltage mark Voltage Angle /(°) Voltage mark Voltage Angle /(°) 

1 1.0543 0.0000 1.0545 0.0000 

2 1.0451 -0.5622 1.0447 -0.5642 
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3 1.0315 -0.4969 1.0315 -0.4984 

4 1.0251 -0.4183 1.0252 -0.4218 

5 1.0177 -0.3317 1.0176 -0.3376 

6 1.0005 -0.3399 1.0005 -0.3466 

7 0.9984 -0.5142 0.9984 -0.5193 

8 0.9941 -0.489 0.9942 -0.4938 

9 0.9895 -0.538 0.9896 -0.5416 

10 0.9855 -0.5788 0.9856 -0.5811 

11 0.9844 -0.5754 0.9845 -0.5775 

12 0.9832 -0.5717 0.9833 -0.5737 

13 0.9815 -0.6364 0.9816 -0.6378 

14 1.0415 -0.6834 1.0415 -0.6996 

15 1.0403 -0.7076 1.0403 -0.7286 

16 1.0397 -0.7342 1.0397 -0.7526  

  

(a) Voltage scale change (b)Voltage Angle variation 

Fig. 7. Unv and voltage phase angle change of pv (20 kw) connected to 5,21,32 nodes 

3.3.2. Case 2. In order to analyze the change of the system state quantity of the PV system at higher 
rated output, the 300 kW PV system is still accessed at nodes 5, 21, and 32. State estimation of the PV 
access before and after the distribution system part of the node voltage value, phase angle trend shown 
in Figure 8. As can be seen from the ϐigure, in terms of the node voltage Mississippi, with PV access 
before and PV rated output of 20 kW compared to show some considerable changes: PV access to the 
node near the Mississippi voltage has a small degree of increase while some nodes of the Mississippi 
voltage has decreased, the entire system voltage Mississippi shows little ϐluctuation. For the node 
voltage phase angle, compared with the PV access before the change is more prominent: PV access to 
the node near the phase angle of the voltage has increased signiϐicantly, while some nodes of the phase 
angle is a more signiϐicant reduction; with the PV rated output of 20kW compared to the ϐluctuations 
in the phase angle of the system voltage is more intense. 
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(a) Voltage scale change (b) Voltage Angle variation 

Fig. 8. Variation of voltage and voltage phase Angle of some nodes 

4. Optimization of operation and scheduling of high percentage of DGs 
connected to the distribution network 

4.1. Mathematical model for optimization of high percentage of DG output in distribution network 

4.1.1. Optimization objectives. Finally in order to be able to operate the network in a more 
economical way, the network active network loss should be minimized, i.e: 

 
2 2

3
( , )

min ( ) ( 2 cos )ij i j i j ij
i j B

F x g V V VV 


    (31) 

where B  is the set of network branches, ,i j  is the first and last node number of the branch, ij  is 

the phase angle difference of the voltage at node ,i j , and ig j  is the branch conductance between 
nodes ,i j . 

For the above three objective functions, a weighted approach is used to transform the multi-
objective optimization model into a single-objective optimization problem. The specific objective 
functions are as follows: 

 0 0 0
1 1 1 2 2 2 3 3 3min ( ) ( ) / ( ) / ( ) /F x w F x F w F x F w F x F        (32) 

where 0 0 0
1 2 3, ,F F F   is the initial value of each of the three objective functions before optimization, 

1 2 3, ,w w w  is the weight of each of the three objective functions and all three are greater than 0. The 
first term takes a negative sign because the original objective of the first term is to maximize and the 
objective of the fused function is to minimize, so a negative sign is added. 

4.1.2. System constraints. While optimizing the network objective function, the constraints of 
network operation should be satisϐied. Such as trend equation constraints, node voltage magnitude 
constraints, line power constraints and control quantity constraints. 
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
 (33) 
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Eq. (33) is the current equation constraints, , , ,, , , ,D DG l d l d lP G l Q P Q  is the active and reactive output 

of the DG connected at node i  , and the active and reactive loads, respectively, and ,
y yi iG B   is the 

corresponding element in the node conductivity matrix. 

 min max
, , ,DG i DG i DG iP P P   (34) 

 min max
, , ,DG i DG i DG iQ Q Q   (35) 

 min max
i i iV V V   (36) 

 

2 2

2

2

( cos sin )

( sin cos )

k k k k

k i ij i j ij ij ij ij

k i ij i j ij ij ij ij

Sb Pb Qb Sb

Pb V G VV G B

Qb V B VV G B

 

 

  

  

  

 (37) 

Eq. (34) is the maximum and minimum constraints on the control variables; Eq. (36) is the upper 
and lower constraints on the voltage amplitude at each node of the network; Eq. (37) is the power 
constraint of the branch, kSb  is the apparent power of branch k , ,k kPb Qb  is the active and reactive 

power flowing through branch k , and kSb  is the upper limit of the apparent power of branch k . 

4.2. Optimizing the model solving algorithm 

4.2.1. Simpliϐication of the optimization model. The combined objective function and constraints can 
be used to abbreviate the original optimization problem into the following constrained optimization 
problem form: 

 

min ( , )

. . ( , )

( )

f u x

s t h u x

g x

u u u






 

 (38) 

where u  is the network independent control quantity, which in this paper refers to the active reactive 
power output of DG; x  is the voltage state quantity of each node. The equations in Eq. are constrained 
to be the current equations. Although state quantity x  cannot be expressed analytically in terms of 
control quantity u , it can be solved by the tidal equation when u  is determined x . Therefore, the 
tidal equation ( , ) 0h x u    contains a function of state quantity x   with respect to u  , denoted 

( ) ( , ), ( ) ( )F u f u x G u g x  , and then the constrained optimization problem (38) can also be written in 
the following form: 

 

min ( )

. . ( ) 0

F u

s t G u

u u u


 

 (39) 

4.2.2. Solution algorithm based on the quadratic programming method for trust domain sequences. 
The two rows are the number of equation constraints and the number of inequality constraints, 
respectively. Considering that the system of ϐirst-order equations for the actual trend equation always 
has a solution, the  -variable removal can be simpliϐied to the following form: 
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After solving problem (40) to obtain the optimal step size d , it is necessary to make a judgment on 
the step size and the current radius of the trust domain. The second-order Taylor expansion ( )d  of 
the original objective function is defined here as: 

Using the trust domain sequential quadratic programming method, for the constrained optimization 
problem, referring to Eq. (40), the subproblem of the k rd iteration is: 
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 (41) 

where ( ), ( ),k u k k u k kC F u A G u B     is the objective function Hessian matrix, kG   is the value of 

function ( )G u  at the k th iteration point, k  is the penalty function, )|| |( |T
k kA d G 

   

The expression of matrix , ,k k kC A B  is as follows: 
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 (42) 

Solve kx  from the control variable ku  at the k st iteration through the tidal equation ( , ) 0h x u  . 

Take a partial derivative of the tidal equation: 

 0
h h x

u x u

  
  

  
 (43) 

h

x




 is the Jacobi matrix of the tidal equation, which is obtained from (43): 

 1( )
x h h

u x u
  

 
  

 (44) 

The bias matrices in (42), (43) and (44) above are all sparse matrices, and the calculation of Eq. (44) 
can be regarded as the solution of a series of linear equations whose coefficient matrices are the Jacobi 
matrices of the tidal equations, and there is no need to form the factorization table of the coefficient 
matrices again, and it is necessary to follow the factorization table of the Jacobi matrices in the tidal 
calculations for the calculations. By fixing the Jacobi matrices of the tidal equations in a certain way of 
approximation, the factor tables need to be formed only once, and the calculation of the tidal currents 
as well as the calculation of the partial derivatives will be greatly simplified. The control variable u  
has a very low dimension, so the above three equations are not very computationally intensive. 
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4.2.3. Effective set methods for solving subquadratic programming problems. The basic idea of the 
effective set method is to start from an initial point, consider a set of certain positive constraints, solve 
its corresponding quadratic programming subproblem containing only equation constraints after 
determining the effective set, and judge whether the solution of the subproblem is the optimal solution 
of the original quadratic programming problem according to the nonnegativity of the Lagrange 
multiplier vectors of the subproblem, and the solution is the optimal solution if all the multiplicities of 
the corresponding inequality are nonnegative, and the solution is the optimal solution if all the 
multiplicities are nonnegative, and the solution is the optimal solution if all the multiplicities are 
nonnegative. If all the multipliers of the corresponding inequality are non-negative, then it is the 
optimal solution, otherwise, we need to adjust the valid set again, and iterate gradually until we get 
the optimal solution. 

For the quadratic programming problem like (41), it is abbreviated as follows: 

 

1
min

2
. .

T T

in in

x Bx c x

s t A x b




 (45) 

4.2.4. Solving Distributed Power Optimization Flowchart. The steps to solve the distributed power 
supply optimization problem by using the quadratic programming method of trust domain sequence 
are described as follows: 

1) Set the initial value of each control quantity 0u  ; set the maximum trust domain radius 

0.5 || ||u u       ( ,u u   for the upper and lower bounds of the control variables, respectively) of 

variable u   in the optimization problem, and the initial trust domain radius 0 0.5    ; set the 

solution accuracy 1  , constraint accuracy 2  , the initial penalty parameter 0  , and the maximum 

penalty parameter   of the control variables. Set 0k  . 
2) Solve the tidal equations based on the current control variable values to obtain the values of state 

quantities such as voltage nodes and branch power; 
3) Form the sub-problem and solve it, and the solution method adopts the effective set method. 

Obtain the optimal step d  and update 1k ku u d   ; 

4) According to the current value of control variables 1ku   to calculate the trend to get the network 

voltage and branch current and other state quantities of information. If 2|| ||1kG 
    each 

constraint of the network is satisfied and 1|| || min( , )kd    is satisfied, the calculation is terminated, 
the calculation results are output, and go to step 5; 

5) If 0.25kr   , reject the current step, set 1 11: , || || /2t t ku u d d        , and turn to step 2) If 

0.25kr  , accept the step, and adjust the trust domain and penalty parameters and turn to step 3). 

4.3. Example Simulation 

Taking the three moments of 6 o'clock, 17 o'clock and 21 o'clock, the voltage profile and the three 
moments of reactive power source reactive output profile are shown in Fig. 9 to Fig. 10 respectively. 

As can be seen from Fig. 9, 6:00 a.m. moment belongs to just to come to the morning peak, so its load 
increases but not to the peak moment is large, so 6:00 a.m. moment voltage value is higher, but there 
are still some nodes voltage has over the limit, in the reactive power control zoning cooperative control 
strategy, the nodes voltage has a more obvious rise, the node voltage has a good improvement of many 
voltages have been elevated to More than 1 pu greatly increased the stability of the system. At the 
moment of 17 o'clock near night, because the load of each part of this time began to increase, so the 
system voltage of each node has a more drastic decline, more node voltage fell below the permissible 
range or even down to 0.90pu, and the imbalance of the voltage within the system is further aggravated. 
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As can be seen from Fig. 10, after joining the reactive power control zonal cooperative control 
strategy, the voltage at each node still has a more obvious rise, and the voltage rise situation through 
the cooperative control strategy still has some voltages exceeding 1 pu. At 21:00, the load situation in 
each region at this time reaches the maximum, which belongs to the evening peak peak of the 
electricity consumption. The poor voltage quality is further aggravated, and more nodes' voltages drop 
below the permissible range, and the voltage imbalance in the system becomes more serious. With the 
activation of the cooperative control strategy of local reactive power control zones, compared with the 
system at 6:00 p.m. and 17:00 p.m., although the voltage of many nodes is on the low side compared 
with the previous one, and even the voltage of individual nodes has dropped to the lower limit, and 
there is a risk of overrun, but the voltage increase of each area after the cooperative control strategy 
of reactive power control is still more than 1pu. However, the reactive power control zonal cooperative 
control strategy still stabilizes the system's node voltages within the appropriate voltage deviation 
range. According to the above three moments of voltage and reactive power output, the reactive power 
control zonal cooperative control strategy can control the voltage within the appropriate range when 
the voltage is reduced, and the output of each reactive power source has not reached the upper limit, 
so it can be seen that in the face of more serious voltage drop, the reactive power control zonal 
cooperative control strategy can still control the voltage within the appropriate range. 

  

(a)The voltage of six times (b)17 moment voltage 

 

(c)The voltage of the 21 moment 

Fig. 9. Voltage situation plot at three moments 
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(a)At 6 o 'clock, no work is used (b)At 17 o 'clock, no work is used 

 

(c)The force of no work is done at 21 

Fig. 10. Reactive power source reactive power output curve of three moments 

5. Conclusion 

In this paper, by analyzing the impact of high proportion distributed DG access on distribution network, 
then using machine learning algorithms for estimation and detection of distribution network state, 
and finally optimization of adjustable characteristics, the conclusions are obtained as follows: 

1) Distributed power access point has the role of supporting voltage but the static voltage index of 
access power is high and the operation is unstable. The system network loss with the change of access 
capacity shows a trend of first decreasing and then increasing, and the minimum value of the total 
network loss of the simulated system is 15% of the total network loss of the system when there is no 
distributed power supply access. 

2) Under the condition that the node number accessed by the PV remains unchanged. When the 
rated output of the PV is not large on the system nodes of the voltage Mississippi and phase angle will 
not have a significant impact, but with the increase in the rated output of the PV will make the system 
voltage amplitude and phase angle fluctuations are increasingly large, the overall rated output of the 
different PV on the phase angle of the system voltage have a corresponding degree of improvement, 
but in some cases will also make some nodes of the phase angle of the voltage and the balance of the 
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nodes of the deviation becomes very large. However, under certain circumstances, the phase angle of 
certain node voltages will also deviate from that of the equilibrium node. 

3) A multi-objective reactive power optimization model is established by taking the network loss, 
voltage deviation, and economic index of equipment regulation as the optimization objectives, and 
taking the current, node voltage, and energy storage as the constraints, as well as the number of shunt 
capacitor bank switching and the reactive power output of distributed power sources as the decision 
variables. The simulation results show that the zonal cooperative control strategy can effectively 
improve the voltage level and reduce the network loss in the distribution network area and improve 
the stability of the system. 
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