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Abstract: In order to solve the problem of reactive power optimization of distribution network with distributed 
power supply, the multi-objective reactive power optimization function is established from multiple perspectives, 
and the equation constraint and inequality constraint equation of power system are considered. Secondly, taking 
IEEE33 node distribution system with distributed power supply as an example, reactive power optimization of 
single objective function is carried out to verify that the proposed algorithm has a global convergence and a great 
advantage in convergence speed. Finally, multi-objective reactive power optimization of distribution network with 
distributed power supply is carried out. Simulation results demonstrate the effectiveness of the proposed algorithm. 
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1. Introduction 
 

The traditional reactive power optimization of distribution network is mainly from the economic point of 
view[1-5]. However, single-objective optimization will ignore the interests of other aspects, and different factors 
need to be taken into account in the decisions of DG investment subjects. The power sector or DG investors are 
more eager to get the maximum benefits, and they pay more attention to the investment cost of DG. As users, they 
hope to obtain safe and stable electricity, so they mainly focus on the quality of power. It can be seen that under 
the multiple requirements of power network operation quality and economic benefits, the future direction of 
reactive power optimization is to comprehensively consider the economy, safety and power supply reliability of 
power system operation[6-9], so it is necessary to establish a multi-objective reactive power optimization model 
to meet the needs of multiple parties. 
 
2. Reactive power optimization mathematical model of active distribution network 

with DG 
 
2.1.Establishment of reactive power optimization model 

This article from the perspective of economy, power supply safety and operation cost, establish the minimum 
system active network loss and voltage deviation of minimum investment cost and minimum multi-objective 
reactive power optimization function model, flow equation for power systems at the same time consider equality 
constraints and inequality constraints, the use of the proposed improved MOMTLBO(Improved Multi-Objective 
teaching-learning-based Optimization algorithm, MOMTLBO)[10]IEEE33 node containing DG system for 
simulation analysis. 

1) System active network loss 
Economy is often an important factor to be considered in reactive power optimization. The specific 

mathematical expression of the system active power network loss is shown in equation (1). 
 

  
min𝑓𝑓𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = ∑ 𝐺𝐺𝑖𝑖𝑖𝑖(𝑈𝑈𝑖𝑖2 + 𝑈𝑈𝑖𝑖2 − 2𝑈𝑈𝑖𝑖2𝑈𝑈𝑖𝑖2 cos 𝜃𝜃𝑖𝑖𝑖𝑖)𝑖𝑖,𝑖𝑖∈𝑁𝑁𝐵𝐵

                                                                           
            (1) 

  
In the formula, quantities are defined as: floss is system active network loss; NB is number of system nodes; Ui 

is the voltage at node i; Gij is admittance between nodes i and j; θij is the phase angle difference between nodes i 
and j. 

2) Node voltage deviation 
As one of the important indexes to measure the power quality, voltage will directly affect the performance of 

electrical equipment, and one of the important purposes of reactive power optimization is to improve the power 
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quality as much as possible[11]. In this paper, the deviation between node voltage and standard voltage is selected 
as one of the objective functions. The node voltage deviation formula is shown in equation (2). 
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In the formula, quantities are defined as: fΔU is distribution network node voltage deviation; N is number of 

distribution network nodes; Ue is the expected voltage value of the node; Ui,max is nodal voltage upper limit; Ui,min 
is node voltage lower limit. 

3) Cost optimization 
From the perspective of power companies or DG investors, reactive power optimization cost should be 

considered as low as possible, so it is necessary to take DG optimization cost as one of the objective functions. 
The mathematical expression of DG optimization cost is shown in equation (3).  

 
𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓𝑄𝑄 = ∑ 𝐶𝐶𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐∈𝑁𝑁𝐶𝐶 |𝑃𝑃𝑐𝑐|

                                                                                                                             
 (3) 

  
In the formula, quantities are defined as: fQ is DG optimization cost; Pn is investment cost per unit capacity of 

node n; Ccapn is the actual compensation capacity of node n. 
 
2.2. Reactive power optimization constraints 

Reactive power optimization constraints of power system include two aspects: equality constraints and 
inequality constraints. 

1) equality constraints 
Equation constraint condition is power constrained power flow equation, and the specific mathematical 

expression is as follows:        
 

  �
𝑃𝑃𝑖𝑖 = 𝑃𝑃𝐺𝐺𝑖𝑖 − 𝑃𝑃𝐿𝐿𝑖𝑖 = 𝑈𝑈𝑖𝑖 ∑ 𝑈𝑈𝑖𝑖𝑁𝑁

𝑖𝑖=1 (𝐺𝐺𝑖𝑖𝑖𝑖 𝑐𝑐𝑐𝑐𝑐𝑐 𝜃𝜃𝑖𝑖𝑖𝑖 + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑐𝑐𝑚𝑚𝑚𝑚 𝜃𝜃𝑖𝑖𝑖𝑖)
𝑄𝑄𝑖𝑖 = 𝑄𝑄𝐺𝐺𝑖𝑖 + 𝑄𝑄𝐶𝐶𝑖𝑖 − 𝑄𝑄𝐿𝐿𝑖𝑖 = 𝑈𝑈𝑖𝑖 ∑ 𝑈𝑈𝑖𝑖𝑁𝑁

𝑖𝑖=1 (𝐺𝐺𝑖𝑖𝑖𝑖 𝑐𝑐𝑚𝑚𝑚𝑚 𝜃𝜃𝑖𝑖𝑖𝑖 − 𝐵𝐵𝑖𝑖𝑖𝑖 𝑐𝑐𝑐𝑐𝑐𝑐 𝜃𝜃𝑖𝑖𝑖𝑖)
                                                                   (4) 

 
In the formula, quantities are defined as: PGi and QGi are active and reactive power output of generator nodes; 

PLi and QLi are load consumes both active and reactive power; QCi is reactive power compensation capacity; Gij is 
the conductance between node i and node j; Bij is the susceptance between node i and node j; θij is the voltage 
phase angle difference between node i and node j. 

2) inequality constraints 
Inequality constraints include control variable constraints and state variable constraints. Constraint conditions 

of control variables:   
 

min max

min max

min max

DGj DGj DGj G

i i i T

Ci Ci Ci C

Q Q Q j N

T T T i N
Q Q Q i N

≤ ≤ ∈


≤ ≤ ∈
 ≤ ≤ ∈

                                                                                                               (5) 

  
In the formula, quantities are defined as: QDGjmin is DG injects the lower limit of reactive capacity into the 

distribution network; QDGjmax is DG injects the upper limit of reactive capacity into the distribution network; Timin 
is lower limit of tap position of load regulating transformer tap; Timax is upper limit of tap position of load regulating 
transformer tap; QCimi is tap position of load regulating transformer tap; QCimax is the lower and upper limits of the 
reactive capacity of a reactive compensation device; 

Inequality constraints of state variables: 
 

min maxi i i lU U U i N≤ ≤ ∈                                                                                                              (6) 
 
In the formula, quantities are defined as: Uimin is lower limit of load node voltage; Uimax is upper limit of the 

load node voltage; Nl is number of load nodes in the system. 
  
2.3 Reactive power optimization procedure and flow chart 

The steps of reactive power optimization are as follows: 
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Step 1: Input the parameters of distribution network system to determine the compensation point for reactive 
power compensation; the number of classes is C, total number of students is N, the maximum number of iterations 
of the algorithm is itermax. The weights of trust are λ1, λ2. 

Step 2: All individuals are initialized and their objective function values are calculated, that is, the power flow 
of the system is calculated. Individuals were sorted according to the fast non-dominant sorting method, and 
'teachers' were selected by niche technology. 

Step 3: Conduct teaching according to the formula𝑋𝑋𝑖𝑖′ = 𝜆𝜆1𝑋𝑋𝑖𝑖 + 𝐷𝐷𝑚𝑚𝑓𝑓𝑓𝑓𝐷𝐷𝐷𝐷𝐷𝐷𝑚𝑚𝑐𝑐𝐷𝐷_𝑀𝑀𝑖𝑖 , form a new class, deal with 
constraints on new individuals, calculate the value of objective function of all individuals, and update C; 

Step 4: Learn from each other according to the formula 
 

𝑋𝑋𝑖𝑖′′ = �
𝜆𝜆2𝑋𝑋𝑖𝑖′ + 𝐷𝐷𝑖𝑖(𝑋𝑋𝑖𝑖′ − 𝑋𝑋𝑚𝑚′ )𝑓𝑓(𝑋𝑋𝑖𝑖′) < 𝑓𝑓(𝑋𝑋𝑚𝑚′ )
𝜆𝜆2𝑋𝑋𝑖𝑖′ + 𝐷𝐷𝑖𝑖(𝑋𝑋𝑚𝑚′ − 𝑋𝑋𝑖𝑖′)𝑓𝑓(𝑋𝑋𝑚𝑚′ ) < 𝑓𝑓(𝑋𝑋𝑖𝑖′)

,  

 
form a new class, deal with constraints on new individuals, calculate the value of objective function of all 
individuals, and update C; 

Step 5: According to the formula𝑋𝑋𝑖𝑖,𝑖𝑖′ = 𝑋𝑋𝑖𝑖,𝑖𝑖 + 𝐷𝐷𝑟𝑟𝑚𝑚𝑟𝑟 × (𝑋𝑋𝐻𝐻𝑖𝑖,𝑖𝑖 − 𝑋𝑋𝐿𝐿𝑖𝑖,𝑖𝑖), self-variation learning is carried out, 
constraint processing is carried out on new individuals, objective function value of all individuals is calculated, 
and C is updated. 

Step 6: The individuals in class C are non-dominant sorted, and then all the non-dominant individuals in class 
C are confirmed and stored in the Pareto optimal solution set as the non-dominant particle set. The number of 
individuals in the Pareto optimal solution set is checked. If the number of individuals in the Pareto optimal solution 
set is greater than the given value, the improved crowding distance sorting strategy is used to screen until the 
requirements are met. 

Step 7: To determine whether the maximum number of iterations is reached, go to Step2; otherwise, perform 
Step8.  

Step 8: Finally, the Pareto solution set that meets the requirements of reactive power optimization is output. 
 
3. IEEE33 node simulation example  
 

In this paper, IEEE33 node distribution system is selected as an example of simulation calculation, and a certain 
amount of DG is connected at the same time. The improved algorithm MOMTLBO is used for reactive power 
optimization. The actual simulation tool used is MatlabR2010b, and the computer CPU is Inter CORE i3, 2G 
memory, and Windows 7 system. 

 
3.1 The simulation results 

The improved IEEE33 node system as shown in figure 1 is used for simulation analysis. With the original 
branch parameters unchanged, DG with active power output of 1MW is connected to nodes 2 and 13, which has 
certain reactive power compensation capacity and reactive power output capacity of -100~500kVar. An on-load 
voltage-regulating transformer T is connected to the node 1-2, and the transformer tap has 8 tap positions, and the 
upper and lower limit of the transformer ratio is [0.9,1.1]. A reactive power compensation capacitor is incorporated 
into each node 6 and 31, capacities are150kVar×4 and 150kVar×7. The system voltage reference value is 12.66kV, 
the power reference value is 100MVA, the system load node voltage interval is [0.93, 1.07]. 
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 Fig.1 Diagram of IEEE33 node distribution system 
 
3.2 Single objective reactive power optimization of distribution network with DG 

In order to verify whether MOMTLBO(Improved Multi-Objective teaching-learning-based Optimization 
algorithm, MOMTLBO) has a good global optimization ability in the reactive power optimization process of power 
system, the single objective function with the minimum loss of active power network was established to optimize, 
and the optimization results were compared with the MOPSO (Multi-Objective Particle Swarm Optimization, 
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MOPSO)[12] and MOTLBO(Multi-Objective teaching-learning-based Optimization algorithm, MOTLBO)[13] 
results. The parameter Settings of each algorithm should be consist as far as possible. The parameter Settings of 
each algorithm are shown in table 1. 

 
Table1. Parameter settings for three algorithms 

Algorithm Number of iterations Population size  
MOPSO 100 30 wmin =0.4, wmax=0.9, c1=c2=2.05 
MOTLBO 100 30 —— 
MOMTLBO 100 30 λ1(λmin=0.1, λmax=0.6);  

λ2(λmin=0.3, λmax=0.8) 
 
Fig. 2 shows the convergence characteristics curves of the three algorithms for one-shot optimization. It can 

be seen from the overall figure that MOMTLBO is stronger than MOTLBO and MOPSO both in terms of 
convergence speed and optimal solution. Although MOMTLBO converges slightly slowly at the beginning, it is 
obviously faster than the other two algorithms after the number of iterations reaches 10, and it can be seen that 
MOPSO falls into the local optimal when the number of iterations reaches 40. 
 

 
Fig 2.  Comparison of convergence characteristic curves 

 
Although the final optimization result of MOTLBO algorithm is not different from MOMTLBO, the iteration 

speed is much slower than that of MOMTLBO. MOMTLBO has obvious advantages and basically converges at 
the 22nd iteration, indicating that MOMTLBO has a strong rapidity in single-objective reactive power optimization. 
Table 2 shows the optimal value, the worst value and the average value of the active power network loss obtained 
by the three algorithms after 30 runs respectively. It can be seen from the table that the optimal values obtained by 
MOTLBO and MOMTLBO are significantly better than MOPSO, and the comparison of the worst values shows 
that MOMTLBO has a better optimization effect than MOTLBO. Before the installation of DG, the initial power 
flow of the system was 246.00kw. By using the average value of the optimized algorithms, it can be concluded 
that the active power network loss of the system was reduced by 30.3%, 39.7% and 41.36% respectively after the 
optimization of MOPSO, MOTLBO and MOMTLBO, indicating that the improved algorithm has a good global 
convergence in single-objective reactive power optimization. 
 

Table 2. Comparison after optimization 
Algorithm the optimal value the worst value the average value 
MOPSO 168.72 179.68 171.47 
MOTLBO 143.36 152.71 148.33 
MOMTLBO 142.19 147.85 144.26 

 
3.3 Multi-objective reactive power optimization of distribution network with DG 

MOMTLBO is used to optimize the multi-objective reactive power of the distribution network with DG. Figure 
1 is still used as the simulation test system. All parameters of the system and the access to DG and reactive 
compensation capacitor remain unchanged. Parameters of MOMTLBO Algorithm: class size N=100, maximum 
number of iterations Tmax=500, in the weights of trust λ1, λmin=0.1, λmax=0.6, in the weights of trust λ2, λmin=0.3, 
λmax=0.8. Parameters of MOPSO Algorithm: particle size N=100, maximum number of iterations Tmax=500, inertia 
weight wmin=0.4, wmax=0.9, learning factors c1=c2=2.05, Vmin=0.2Vmax. 

The spatial distribution diagram of multi-objective reactive power optimization solution set in the target 
function is shown in Fig 3. From the graph in Fig 3 a) can be seen that the method presented in this paper optimized 
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the obtained optimal solution set of even distribution, which provides decision makers with the diversity of options, 
the distribution of MOPSO algorithm optimization results is not uniform, part of the solution is more crowded, 
central shows that optimization result is very close to, the lack of diversity, will not be able to provide better choice. 
It shows that the improved algorithm has certain advantages. In addition, it can be concluded that many schemes 
are different from each other, and it is not easy to define which scheme is the best. For each optimized objective 
in the objective function, there are some conflicts between them and they are all related to each other. Fig.3(b-d) 
in the sub-fig.3 are the relationship diagram between two objective functions after the optimization of multi-
objective functions by MOMTLBO algorithm. As can be seen from the figure, two of the three variables are not 
linear and are not independent of each other. 

 

 
a）floss、fΔV and fQ                             b）floss and fQ 

 
c）fΔV and fQ                               d）floss and fΔV 

Fig 3. Pareto solutions of Reactive power optimization in the objective space 
 
3.4. Analysis of simulation results 

Table 3 shows the optimization scheme sets and their corresponding objective function values. As can be seen 
from Table 3, although there is no optimal scheme for reactive power optimization, from the perspective of 
decision makers, the feasible scheme can be selected if certain preferences are set. If economy is taken into 
consideration first, the minimum loss of active power network can be taken as the selection object. At this time, 
scheme S1 can be selected. If the focus is on voltage quality, the minimum voltage deviation can be taken as the 
selection object. At this time, scheme S4 can be selected. If the cost of reactive power optimization is expected to 
be the lowest, scheme S11 can be selected. When comprehensive consideration is needed, other schemes can be 
selected according to actual requirements. 

Combined with Fig 3 and Table 3 shows that the floss, f and fQΔV as the objective function optimization, is 
the contradiction between the three. According to the voltage deviation formula listed in the previous section and 
the circuit knowledge, the improvement of voltage not only reduces the voltage fluctuation, but also indirectly 
reduces the active power loss of the circuit. Fig. 4 shows S1, S5 and S9 schemes as well as the voltage curve at 
the time when DG is not connected. After reactive power optimization on the basis of the distribution system 
connected to DG, the system node voltage is effectively improved, especially the voltage at the point connected to 
DG is significantly increased. There are two reasons for the improvement of voltage: (1) DG has its own reactive 
power compensation ability and can output a certain amount of reactive power; (2) reactive power compensation 
equipment provides a certain amount of reactive power for the system. Within a certain range, the more reactive 
power the reactive compensation equipment provides, the smaller the voltage deviation and the system active 
power loss will be. 

The network loss reduction rate and voltage deviation reduction rate of the three optimization schemes S1, S5 
and S9 compared with those without access to DG and those without access to DG are shown in Table 4. It can be 
seen from the optimization results that the voltage deviation is greatly reduced when reactive power optimization 
is carried out on the basis of DG access, indicating that the access of DG improves the voltage fluctuation of the 
system to some extent, improves the power quality, and the active power network loss of the system is also greatly 
reduced. 
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Table 3. Pareto solutions and simulation results of reactive power optimization 

 
 

 
Fig 4.  The influence of reactive power optimization scheme on the node voltage of the system 

 
Table 4. Comparison of the results of the three optimization schemes 

Optimizati
on scheme 

floss↓(%)  fΔV↓(%) 
Not access DG Access to DG & not optimized  Not access DG Access to DG & not optimized 

S1 60.37 40.67  80.94 65.33 
S5 59.81 38.90  78.13 60.69 
S9 55.14 32.95  69.23 44.56 

 
4. Conclusion 
 

In conclusion, in the process of multi-objective reactive power optimization, floss, f Δ V and fQ three objective 
function of the relationship between the complex, between each other is not completely independent, therefore, 
cannot be simply the multi-objective optimization problem by weighting method is transformed into single 
objective optimization problem. The algorithm proposed in this paper can obtain the diverse solution sets required 
by decision makers to some extent, which provides some reference value for the actual reactive power optimization 
of power system. 
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