ChinaRxiv [$X]

AT translation - View original & related papers at
chinarxiv.org/items/chinaxiv-201903.00059

Post-Print of Reactive Power Optimization
Method for Distribution Networks Considering
Coordinated Operation of DG, DS, and EV

Authors: Chen Jiawei, Wu Jiekang, Guo Qingyuan, Zhao Shou’an, Xu Honghai
Date: 2019-03-05T00:00:00+00:00

Abstract

By comprehensively considering the coordinated operation of distributed gener-
ation, electric vehicle charging and discharging, and distributed energy storage,
along with the collaborative control of reactive power output from different
types of reactive power compensation devices, a multi-objective optimization
model for distribution network reactive power optimization is established with
the minimization of active power loss and voltage fluctuation in the distribution
network as the objective function. Taking into account the probabilistic charac-
teristics of wind speed, the uncertainty of solar irradiance, state of charge and
charging/discharging characteristics, and operating efficiency, stochastic models
are constructed for the output power of distributed wind turbines, photovoltaic
power generation systems, electric vehicle charging/discharging power, and en-
ergy storage device charging/discharging power. The reactive power of DG,
DS, and EV are selected as control variables, and the optimization problem is
solved using a genetic algorithm. Simulation results demonstrate the adaptabil-
ity of the reactive power optimization model constructed in this paper and the
feasibility and effectiveness of the proposed algorithm.
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Abstract: This paper presents a multi-objective reactive power optimiza-
tion model for distribution networks that comprehensively considers the
coordinated operation of distributed generation (DG), electric vehicle (EV)
charging/discharging, and distributed storage (DS) systems, along with the
collaborative control of reactive power output from different types of reactive
power compensation devices. The objective function minimizes active power
losses and voltage fluctuations in the distribution network. Considering the
probabilistic characteristics of wind speed, uncertainty of solar irradiance,
state of charge, charging/discharging characteristics, and operational efficiency,
stochastic models are constructed for the output power of distributed wind
turbines, photovoltaic generation systems, EV charging/discharging power,
and energy storage device charging/discharging power. The reactive power
from DG, DS, and EV is selected as control variables, and a genetic algorithm
is employed to solve the optimization problem. Simulation results demonstrate
the adaptability of the proposed reactive power optimization model and the
feasibility and effectiveness of the algorithm.

Keywords: renewable energy distribution network, reactive power optimiza-
tion, coordinated operation of DG, DS and EV, reactive power compensation
devices

2 Stochastic Probability Models for DG Output

Energy depletion and environmental degradation represent two major challenges
facing the world today. Developing and utilizing renewable energy while reduc-
ing environmental pollution have become common concerns for all nations. In
this context, distributed generation (DG) and electric vehicles (EV) will occupy
important positions in future development plans for the power and automotive
industries, with their penetration rates gradually increasing. However, large-
scale, unplanned integration of DG and EV into the grid will impact traditional
distribution networks [1-2].

The large-scale integration of distributed power sources, distributed storage de-
vices (DS), and EV charging stations significantly affects distribution network
operation. Current literature has conducted in-depth research on coordinated
operation after DG and EV integration into distribution networks. Reference
[3] introduces an orderly EV charging optimization scheme aimed at loss re-
duction. Reference [4] proposes a hierarchical control architecture for orderly
charging that can integrate with traditional grid control frameworks to achieve
coordinated control of EVs and distributed renewable energy sources across
the distribution network. References [5-6] establish a multi-objective optimiza-
tion model for coordinated control of EVs and distributed generation, maximiz-
ing equivalent load rate while minimizing node voltage violations, loss rates,
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grid service costs, and owner charging costs through dynamic adjustment of
EV charging/discharging power. This model effectively matches load and dis-
tributed generation power fluctuations while reducing the impact of distributed
generation intermittency on the grid. References [7-10] investigate collaborative
optimization of wind power, photovoltaic generation, and EV loads, proposing
corresponding optimization models and methods. Reference [11] establishes
path selection and traffic satisfaction evaluation models while studying the tem-
poral characteristics and complementarity of distributed generation.

In summary, the integration of distributed generation and electric vehicles into
distribution networks affects node voltage and network losses [12-16]. Improv-
ing voltage stability and reducing network losses after DG and EV integration
represents a current research challenge.

Building upon the aforementioned studies and considering the stochastic nature
of distributed generation output, this paper obtains grid parameters at specific
moments through probabilistic power flow calculations [17]. To balance the
impacts of distributed generation integration, the system includes energy storage
devices and reactive power compensation equipment. Coordinated operation
of DS, EV, reactive compensation devices, and distributed generation reactive
output [18] is employed to maintain node voltage stability and reduce network
losses. This paper establishes a reactive power optimization model using DS,
EV, reactive compensation devices, and distributed generation reactive output
as control variables.

2.1 Stochastic Probability Model for Distributed Wind Turbine Out-
put

Wind speed at a node can be described by a Weibull distribution [5], with its
distribution function expressed as:

v v
f(v) = —exp (—)
Yo Yo
where v is wind speed; v, k, and c are the location, shape, and scale parameters
of the Weibull distribution curve, respectively.

Considering the probabilistic characteristics of wind speed v, the probability
density function of wind turbine output power is obtained as:
P P
F(Pw) = f0)do- flodvesp (4 ) - froydo - 5
ks ks
Py=0 0< Py <P,
PW = Pe

where P, is the rated power of the wind turbine; v, is the cut-in wind speed;

U, is the cut-out wind speed; and v, is the rated wind speed.

chinarxiv.org/items/chinaxiv-201903.00059 Machine Translation


https://chinarxiv.org/items/chinaxiv-201903.00059

ChinaRxiv [$X]

2.2 Stochastic Probability Model for Photovoltaic Generation System
Output

Solar irradiance over a period can be approximated as following a Beta distribu-
tion, and the probability density function of solar cell output power also follows
a Beta distribution [5]:

-1 —1
D(a+5) (PPV ) (1 Ppy )ﬁ
where Ppy, is the active power output of the solar generation system; P, .. is
the maximum active power output of the solar panel array; and «, [ are the
Beta distribution shape parameters.

f(PPV) =

3 EV and Energy Storage Device Models
3.1 Electric Vehicle Characteristics

3.1.1 EV State of Charge The state of charge (SOC) of electric vehicles is
closely related to user driving mileage. According to reference [19], the relation-
ship between EV driving mileage and battery SOC is:

L
M
where SOCgy,; , and SOCgy, ;, are the SOC before and after EV usage; L is

the actual driving distance per trip; and M is the maximum driving range on a
full charge.

SOCgy;p, = S0Cgy; 4 —

Based on reference [19], the maximum charging/discharging power of the i-th
EV (i < Ngy) during a time period is:

SocC ax — S0Cgy.
PE’\I/H?X — min ( EV max EVi,0 , PEVi N>
T, ’
SOCgy; o —SOC ;
Pgi/,rinax — min < EV+i,0 EV min ’ Pg%/ZN>
Ty /

where SOCgy; ( is the initial SOC; Pgy, y and Pg‘{,LN are the rated charging
and discharging powers; and T, T,,. are charging and discharging times.

3.1.2 EV Charging/Discharging Characteristics Due to technical lim-
itations, EV charging/discharging power cannot maintain constant operation.
Assuming constant power during charging/discharging, the EV characteristics
[19] are:

Povile

EV
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Pdc T
SOCT; = SOCpyi o —ASOCEy = SO0Cky; o+ %\ja

where SOCgy; o, SOCgy,;, and SOC’%CVZ- are the initial, post-charging, and post-
discharging SOCs; ASOCEy, is the SOC change; Py, and Pgﬁ/i are charging
and discharging powers; T, and T, are charging and discharging times; and
Epgy is the full battery capacity.

3.1.3 EV Charging/Discharging Power To ensure battery lifespan,
SOCgy,; o must satisfy:

SOCEV,min < SOCEVi,O < SOCEV,max

When SOCgy,; o < SOCgy in, the EV can only charge; when SOCgy,; o >
SOCEy max> the EV can only discharge.

Assuming m EVs in the system, the number of EVs connected to the grid during
a time period, Ny, follows a normal distribution [20]:

E[Ngy]=m- f(t)

where m is the total number of EVs; ¢ is the time period; and f(t) is the
probability distribution function of EV charging.

The actual number of EVs charging in a single period can be represented by a
Poisson distribution:

(Agy)Vev

Npy! exp(—Agy)

p<NEV) =

The maximum charging/discharging power during a period is:
NEV
c,max __ c,max
Pgy ™ = E , Py,

i=1

Ngy

dc,max __ dc,max
PEV - E : PEVi
i=1

3.2 Energy Storage Device Operating Characteristics

(1) Efficiency 7: For a single storage device with capacity Fpg; (maximum
stored energy) and current energy E'S,, the output energy [21] is:

out __ in
Epsi =niEps;

Due to technical and manufacturing differences, n; varies across devices [21].
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(2) Maximum Charging/Discharging Power: Subject to safety and tech-

nical constraints, the maximum charging power Py and discharging power
P must not exceed device limits [21].

(3) State of Charge SOCpg,;: SOCg; represents the current capacity as a
fraction of maximum storage capacity:

in
EDSi

EDS’i

SOCDSz -

Since overcharging or over-discharging affects lifespan, SOCpg, must satisfy
[22]:
SOCDSi,min < SOCDSi < SOCDSi,max

Similar to efficiency, different devices have different SOCpg; limits due to in-
ternal factors.

4 Reactive Power Optimization Model

DG integration can cause local voltage rise. DS and EV, as two typical con-
trollable loads, can reduce voltage fluctuations and significantly decrease net-
work power losses by controlling active power input/output when distributed
generation output changes uncertainly. This represents a reactive power opti-
mization problem for renewable energy distribution networks—a multi-variable,
multi-constraint complex planning problem that can be formulated as a multi-
objective reactive power optimization model.

4.1 Objective Function

This paper uses active power loss and voltage deviation as objective functions.
The multi-objective function is:

F= minp‘lfloss + )\QfAV]

where:
Jfioss = min Z Gy (VE + Vj2 —2V,V, cos0,;)
i€Ny ,jEB;
N
. Vi — Vil
fay = min .
; ‘/i,max - Vvi,min

floss and fay represent network loss and voltage deviation; N is the total
number of buses; V;, V; are voltage magnitudes at nodes ¢ and j; G,; is the
mutual conductance; ¢,; is the phase angle difference; IV is the total number of
system nodes; B, is the set of neighboring nodes; V; ..., Vi in, and Vg, are the
upper limit, lower limit, and base voltage values, respectively; and A;, A, are
weighting coeflicients with Ay + X, =1, 0< A <1, 0< )\, < 1.
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4.2 Constraint Conditions

(1) Power Flow Balance Equations: With uncertain distributed genera-
tion output and uncertain DS/EV charging/discharging power under different
control requirements, power flow equations must be satisfied:

AP, =P, -V, Z Vi(Gyjcos0,;; + B;;sind,;)
JEB;

AQ,=Q, -V, Z Vj(Gij sinf,; — B, cos Gij)

JEB,;

where P;, @); are the active and reactive power injections at node .

(2) Control Variable Inequality Constraints: The reactive power opti-
mization problem involves control variables including DG reactive power out-
put, reactive compensation device output, DS charging/discharging power, and
EV charging/discharging power. These must satisfy:

QDG,i,min < QDG,i < QDG,i,max

QC,i,min < QC,i < QC,i,max

c c c
DS,i,min < PDS,i < PD

S,i,max

dc dc dc
PDS,i,min < PDS,i < PDS,i,max

c c c
PEV,i,min < PEV,i < PEV,i,max

dc dc de
PEV,i,min < PEV,i < PEV,i,max

where subscripts “min” and “max” denote lower and upper bounds.

(3) State Variable Constraints: State variables (node voltages) must remain
within allowable limits:
v,

%,min

<V, <V,

7, max

5 Genetic Algorithm

The genetic algorithm [23] is an adaptive global optimization probabilistic search
algorithm that simulates natural genetic and evolutionary processes. Variables
are encoded as chromosomes that can undergo genetic variation. The objec-
tive function corresponding to a set of variable values is transformed into an
individual’ s fitness function. Starting from random initial values, superior in-
dividuals are selected through survival of the fittest. These individuals undergo
genetic operations including reproduction, crossover, and mutation to produce
the next generation. This process repeats until an optimal solution is found or
the maximum generation limit is reached [24].
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When applied to power system optimization [25], the power flow solution is
constrained by multiple conditions. The objective function evaluates solution
quality—low-quality solutions are discarded while high-quality solutions pass
their characteristics to subsequent iterations, eventually converging to an opti-
mal solution.

5.1 Encoding

Due to its suitability for mixed-integer optimization, the genetic algorithm con-
veniently encodes reactive power optimization problems. Each chromosome rep-
resents an optimization scheme.

This paper employs integer encoding, using parallel compensation capacitors,
EVs, storage devices, and distributed generation reactive power outputs as con-
trol variables, all represented as integers. The control variable chromosome
is:

X = [Qc QRps Qv QG] = [QC1 Qe Qps1 - Qpsi Qevi Qpvi Qe "'QGi]

where Q¢, Qpg, @pv, Q¢ represent reactive power outputs of capacitors, stor-
age devices, EVs, and distributed generation, respectively.

Initial values are:

X; = (Xpax — X, d

% max min) ﬁ

+X

min
where d is a random number and k is the string length for each parameter [26].

5.2 Fitness Function

The fitness function is fundamental to genetic algorithm performance. A reason-
able fitness function significantly improves algorithm effectiveness. The fitness
transformation formula is: )
Fit(F) = =
(F) ==

where F' is the objective function value [26].

5.3 Solution Steps
The genetic algorithm-based reactive power optimization procedure is:

1. Input network data, equality constraints, and inequality constraints.
Encode variables and generate the initial chromosome population.
Calculate fitness function values for each chromosome.

Apply reproduction, crossover, and mutation to produce a new generation.
Decode post-operation chromosomes and calculate their fitness values.

If the generation count exceeds the maximum limit, terminate; otherwise,
return to step 4.

AR R
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7. Verify constraints including state variable equations/inequalities and con-
trol variable ranges. If violated, return to step 4.

8. Extract optimization results. When converged, the best-fit chromosome
represents the optimal solution [27].

6 Case Study and Analysis

This paper uses the modified IEEE 33-node distribution system shown in [Figure
1: see original paper] [28]. The IEEE 33-node system is a pure radial network
with 33 nodes and 32 branches. The base voltage is 12.66 kV, base capacity
10,000 kV - A, load node voltage range [0.95, 1.05], active load 5,084.26 kW, and
reactive load 3,347.32 kvar [29].

Assume node 31 has parallel capacitors (0.15 x 4,000 kvar); node 3 connects
a doubly-fed induction generator rated at 850 kW; node 26 connects a photo-
voltaic system rated at 500 kW; battery maximum continuous discharge power
is 80 kW with rated capacity 200 kW - h; single EV maximum continuous charg-
ing/discharging power is 3 kW; and nodes 3 and 26 have 500 and 400 EVs,
respectively.

Algorithm parameters: population size M = 40, maximum generations 7' = 100,
crossover probability p, = 0.8, mutation probability p,, = 0.1 [30]. With integer
encoding, chromosome length equals the number of control variables (7).

After genetic algorithm optimization, active power loss is 86 kW, representing
a 39% reduction from the pre-optimization value of 141 kW. Node voltage devi-
ations from reference voltage decrease significantly, as shown in [Figure 2: see
original paper|. In the figure, Scheme 1 shows voltage fluctuation without DG;
Scheme 2 shows voltage fluctuation with DG but without optimization; Scheme
3 shows voltage fluctuation with DG and optimization.

Pre-optimization minimum node voltage is 0.978; post-optimization minimum
is 0.9906. Results demonstrate significantly reduced voltage fluctuations and
enhanced voltage stability. Optimal control variable values after optimization
are shown in the table.

[TABLE] Optimal Values of Control Variables After Optimization

Control Variable Value
Reactive compensation (kvar) 600
Storage discharge (Node 3) (kW) 80
Storage discharge (Node 26) (kW) 80
EV discharge (Node 3) (kW) 1500
EV discharge (Node 26) (kW) 1200

DG reactive output (Node 3) (kvar) 425
DG reactive output (Node 26) (kvar) 250
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7 Conclusion

The coordinated operation of distributed generation, distributed storage, and
electric vehicle charging/discharging represents a current research hotspot.
Large-scale integration of these elements significantly impacts traditional
distribution network capacity, voltage quality, operational economy, and
reliability. EV battery systems and energy storage devices, as controllable
loads, can mitigate voltage fluctuations caused by distributed generation and
help maintain voltage stability.

This paper considers the uncertainty of distributed generation output, using net-
work loss and voltage stability indices as objective functions. A reactive power
optimization model for distribution networks is constructed with coordinated
operation of DG, DS, EV charging stations, and reactive compensation devices,
using their reactive power outputs as control variables. The genetic algorithm
effectively solves the optimization problem, with simulation results validating
the proposed method’ s effectiveness.
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