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Abstract: The increasing penetration of distributed energy resources in distribution systems has
brought a number of network management and operational challenges; reactive power variation has
been identified as one of the dominant effects. Enormous growth in a variety of controllable devices
that have complex control requirements are integrated in distribution networks. The operation
modes of traditional centralized control are difficult to tackle these problems with central controller.
When considering the non-linear multi-objective functions with discrete and continuous optimization
variables, the proposed random gradient-free algorithm is employed to the optimal operation of
controllable devices for reactive power optimization. This paper presents a distributed reactive power
optimization algorithm that can obtain the global optimum solution based on random gradient-free
algorithm for distribution network without requiring a central coordinator. By utilizing local
measurements and local communications among capacitor banks and distributed generators (DGs),
the proposed reactive power control strategy can realize the overall network voltage optimization
and power loss minimization simultaneously. Simulation studies on the modified IEEE-69 bus
distribution systems demonstrate the effectiveness and superiority of the proposed reactive power
optimization strategy.

Keywords: distribution networks; reactive power optimization; distributed optimization; random
gradient-free algorithm

1. Introduction

Distribution networks (DNs), as the interface between transmission system and load-customers,
is one of the key components of a power network. The generation or consumption of reactive power
by compensators or Distributed Generators (DGs) is a way to reduce power loss and control voltage
fluctuations. Under high demand of economic operation for DNs, the reactive power optimization
(RPO) has been reported as the foremost concern for the connection of large amounts of DGs.
The inversion of the power flow caused by large number of DGs may induce voltage fluctuation
to which DN operators cannot effectively respond. The RPO is conducted by the regulation of reactive
compensation capacitors or DGs in DN through a constrained optimization problem that aims to
minimize power losses and improve voltage profiles subject to finite capacitor capacity and the upper
and lower bus voltage limits. In case of meeting the constraint conditions, the main objectives of RPO
are: (1) to reduce active power losses in the system; and, (2) to improve voltage profiles [1]. As such,
a proper reactive power control mechanism should be devised to not only prevent voltage disturbances
and conflicts, but also improve the overall system economic operation performance.
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To meet the ever-increasing demand of power distribution automation, RPO is currently
conducted as a multi-objective optimization problem [2]. Currently, existing centralized reactive
power control strategies include traditional mathematical algorithm and artificial intelligence methods.
In [3], the authors proposed a nonlinear primal-dual interior-point algorithm to overcome the local
minimum of the interior-point search and the slowness of convergence rate of simple nonlinear
algorithms. However, the solution is limited to the initial value determination. The DC power flow
approximation linearizes the constraints and makes the problem easier to solve [4], however, accuracy
is not guaranteed because this may not be a good approximation for DNs. As such, the applications of
artificial intelligence methods for minimizing the DNs power loss have been developed. Authors in [5]
discussed an improved genetic algorithm to find the optimization direction, which is easy to fall into
local optimum. A new method based on multiple evolutionary algorithms with adaptive selection
strategies was proposed in [6]. However, the solution has several drawbacks, such as parameter setting
complex and slow convergence.

The optimization algorithms for reactive power optimization of DNs that are mentioned above
are all centralized manners which requires a central coordinator. The volume of data that arises as
a result of large-scale integration of DGs is expected to lead to a communication bottleneck in the
near future because the central coordinator must collect and process all of the information for reactive
power optimization. Another important issue is robustness in terms of the cyber-physical system.
The central coordinator becomes a vulnerable target for both cyber and physical attacks. In the case
of central coordinator, it is possible that the information transmission failure with the collapse of
catastrophic accidents of the information networks. Even worse, enormous growths in a variety of
controllable devices that have complex control requirements are widely distributed in distribution
networks. When considering the significant challenges posed by a centralized control, a distributed
reactive power optimization algorithm is preferred.

In this paper, a distributed optimization strategy is proposed. In a multi-agent optimal operation
problem, each agent is basically trying to minimize its own objective function based on information
communication with its neighboring agents. If each agent is able to communicate with all the
other neighboring agents, then the problem can be essentially viewed as a distributed optimal
operation problem. A discrete reactive power optimization method based on the generalized Benders.
Decomposition has been considered to improve the efficiency of DNs [7]. A novel distributed voltage
control strategy has been proposed employing a multiple agent system platform [8]. A new class of
distributed weighted-consensus strategies is introduced to support distributed network calibration
and localization in device-to-device networks [9].

Unfortunately, the reactive power operation problem has non-linear objective function, discrete
optimization variables (for example, capacitance switching), and continuous optimization variables
(for example, the output of DGs). Therefore, the RPO problem is essentially non-convex with discrete
and continuous variables. The inversion of the power flow caused by DGs may produce voltage
rise to which it is unable to respond effectively by distribution network operators. Furthermore,
when economic efficiency and voltage quality are taken into account, the proposed RPO problem
becomes a multi-objective function with a set of agents’ local non-linear sub-functions. As such,
RPO is a complicated nonlinear mixed integer programming problem with discrete and continuous
variables. Based on above analysis, this paper proposes a distributed random gradient-free algorithm
based solution for RPO problem in distribution network. The proposed optimization algorithm can
significantly guarantee voltage quality and reduce power loss by utilizing local measurements and
local communications of capacitor banks and DGs. In addition, the proposed solution is flexible and
robust for applications to DNs of different topologies. Simulation studies with the modified IEEE
69-bus distribution system demonstrate the effectiveness and superiority of the proposed method.

This paper is organized as follows. In Section 2, the reactive power optimization problem is
discussed. Section 3 introduces the distributed random gradient-free algorithm, and the application
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is presented in Section 4. The simulation results in Section 5 show the solution effectiveness. Finally,
the paper is summarized in Section 6.

2. Problem Formulation

2.1. Objective Function

Generally, RPO focus on active power loss of DNs only. However, a voltage drop that is caused
by the power flow has been reported that carries a non-negligible effect for DNs [10]. DNs have been
planned to deliver power to the loads at satisfactory voltage levels [11,12]. For the basic elements in
distribution network in Figure 1, a reactive power optimization scheme with minimum active power
loss and improvement of voltage profile for DNs can be formulated as:

minF = λ1PL + λ2Dv (1)

PL =
nL

∑
j=1

Rj(P2
j + Q2

j )/V2
j (2)

Dv =
ns

∑
i=1

(Vi −V∗i )
2 (3)

where PL is the active power loss, Dv is the voltage profiles, ns is the number of buses, nL is the number
of brunches, Pj + iQj is the complex power flowing away from node j to j + 1, Vj is the voltage at node
j, Rj is the impedance of the link between node j and j + 1; Vi and V∗i denote the actual and desired
bus voltage magnitudes at bus j, respectively; λ1 and λ2 denote the weighting factors for PL and Dv,
respectively, which can be decided by the system operator.
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The objective is to find a good balance between the demand of regulating the voltage and the
requirement of minimizing the active power losses.

2.2. Operation Constraints

This paper focuses on optimal reactive power optimization through the dispatch of capacitor
banks and the output of DGs, which is crucial to the economic operation of DNs. Capacitor banks
and DGs dispatching means to make out a plan of the capacitor bank switching and the output of
DGs setting so that the voltage is in the normal level and the network loss gets the minimum. For the
distribution power flow represented by branch equality constraints [13,14], it can be represented as:

PGj − PLj −Vj
n
∑

k=1
Vk(Gjk cos δjk + Bjk sin δjk) = 0

QGj + QCj −QLj −Vj
n
∑

k=1
Vk(Gjk sin δjk − Bjk cos δjk) = 0

(4)
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where PGj and QGj denote the active and reactive power generations at bus j, respectively; PLj and QLj
denote the active and reactive power load at bus j, respectively; QCj is the reactive power injection of
the capacitor bank at bus j; Gjk and Bjk denote the real parts and the imaginary parts of the system bus
matrix Y, respectively.

The security constraints are defined as:
Pi ≤ Pi ≤ Pi
Qi ≤ Qi ≤ Qi
Vi ≤ Vi ≤ Vi

(5)

where Pi and Qi denote the active and reactive power at bus i, respectively; Vi is the voltage at bus i;
“–” and “–” denote the lower and upper bounds of the variables, respectively.

As stated before, both continuous and discrete optimization variables exist in for the above
reactive power optimization problem. Moreover, the objective function is not linear but complex
non-linear. Therefore, directly applying convex-programming or linearization techniques to the above
non-convex problems does not have guaranteed rationality of the results [15].

3. Distributed Random Gradient-Free Algorithm

For justifying the versions of random search methods, we use a non-smooth version of the
objective function

min
x∈X

E( f (x + µξ)) , fµ(x) (6)

where f (x + µξ) is the original objective function, vector E( f (x + µξ)) is always a gradient-free
estimate of f (x) at x; fµ(x) is a non-smoothed but Lipschitz-continuous function, µ is a smoothing
coefficient that the rules of its selection has been presented in [16], and ξ is a random vector that is
distributed uniformly over the unit sphere. Obviously, fµ(x) represents the Gaussian approximation
of f (x).

This paper considers the constrained multi-agent optimization problem, which has the form [17]:

fµ(x) ,
N

∑
i=1

fµi(xi) (7)

s.t. ci(x) = 0
hi(x) ≤ 0

where the constraints contain both equality and inequality constraints for the optimization problems. µi
is the smoothing coefficient of the objective function, and fµi is its smooth form, which is calculated by

fµi(xi) =
1
σ

∫
X

fi(xi + µiξi)e−0.5ξ2
dξi (8)

We can implement the optimal iteration by constructing distributed randomized gradient-free
oracles with Gaussian approximation [18]:

gµi(xi[k]) =
fi(xi[k] + µiξi[k])− fi(xi[k])

µi
ξi[k] (9)

Write reactive power compensation into a vector form:

Q = [Qr1, Qr2, . . . , Qrs] (10)

where Qr is the reactive power generation. Parameter s is the total number of the reactive power
compensation devices.
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The gradient vector of the objective functions which denoting the derivative of f with respect to Q
is defined by:

∇ f (Q) = g(Q) = (g1(Q1), g2(Q2), . . . , gn(Qn))
T (11)

The optimization problem has a unique optimal solution Q∗, without inequality constraints, the
optimization results can be obtained with:

1TQ∗ = Qr, g(Q∗) = λ∗1 (12)

where 1 is a column vector of ones, and λ∗ is the unique optimal Lagrange multiplier. How to get
Q∗ in a distributed way is the critical problem for distributed RPO. According to the distributed
algorithm [19], the reactive power vector can be represented as:

Qi[k + 1] = Qi[k]−Wiigi(Qi[k])− ∑
j∈l(i)

Wijgj(Qj[k]) (13)

Noticing that each capacitor or DG that is associated with an agent optimizes effectively by
eliminating global variables and global updates. As stated before, the optimization algorithm does not
require finding the global information. Thus, local information acquisition and interchange can be
used to develop the equations for gradient-free oracles calculation. Hence, matrix W contains all of the
weight information, so the weight information is totally obtained if the self-weight at agent i and the
weight associated with agent j can be acquired. Following results can be obtained for Equation (13):

Q[k + 1] = Q(k)−W∇ f (Q[k]) (14)

The above formula Equation (14) implies that if W can be determined in a distributed way, agents
may utilize the local information itself or communicate with the neighboring agents to find the optimal
operation of all agents available. Matrix W is calculated for DGs and capacitors as follows,

1TQ[k + 1] = 1T(Q(k)−W∇ f (Q[k])) = 1TQ∗ = QG + QC (15)

That is
1TW∇ f (Q[k]) = 0 (16)

The optimal point Q∗ can be obtained using Equation (11):

Q∗ = Q∗ −Wg(Q∗) = Q∗ − λ∗W1 (17)

Matrix W can be restated within the two limits:

1TW = 0T , W1 = 0 (18)

The minimum requirement for the matrix W is that it should be symmetrical over the time. It is
found that success to meet one of the factors will result in another success. According to the improved
Metropolis method [19], the following results can be obtained for Wij with different combination of i, j:

Wij[k] =


−2/(ni[k] + nj[k]), j ∈ l(i), j 6= i, ni 6= 0
− ∑

j∈l(i)
Wij[k], j = i

0, j /∈ l(i), j 6= i

(19)

where ni[k] is the number of neighboring reactive power generation devices containing capacitors or
DGs of agent i in communication network topology, which can be calculated by each node from its
local information as:
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ni[k] =
n

∑
i=0

aij[k] (20)

where aij is the communication line and the form of adjacency matrix A[k], connecting node i to the
neighboring nodes, which can be represented as

aij[k] =

{
1, i and j are connected

0, otherwise
(21)

It should be noted that each reactive power compensation device (capacitor bank or DG) under the
proposed distributed optimization strategy is an independent agent trying to communicate, coordinate,
and cooperate with other agents for completing a task or solving a problem. This scheme allows
distributed implementation of operating or regulation by local information interaction and adjusting
reactive power distribution automatically. Furthermore, distributed random gradient-free optimization
algorithm converges to a global optimal solution including power loss minimization and voltage
profiles improvement by the way of local communication and local computation.

4. Reactive Power Optimization Based on Distributed Random Gradient-Free Algorithm

4.1. Distributed Reactive Power Optimization

Formulate the optimization problem Equation (9) in a detailed form:

minF = λ1

nL

∑
j=1

Rj(P2
j + (Qj −Qrj))/V2

j + λ2

ns

∑
i=1
|Vi −V∗i | (22)

s.t. Equations (4)–(6)
where Qrj is the reactive power injection of the capacitor bank or DG at bus j.
The actual values of reactive power injected by capacitor banks and DGs of each node can be

calculated from its local compensation variables as

Qri[k + 1] = Qri[k]− α[k](Wiigi(Qri[k])− ∑
j∈l(i)

Wijgµj(Qrj[k])) (23)

The iteration step-size α[k] satisfies the following conditions:

α[k] > 0,
∞

∑
k=0

α[k] = ∞,
∞

∑
k=0

(α[k])2 < ∞ (24)

A reasonable estimate of random gradient-free oracles for RPO will be [18]

gµi(Qri[k]) =
Fi(xi[k] + µiξi[k])− Fi(xi[k])

µi
ξi[k]

=

nL
∑

j=1
Rj(P2

j + (Qj −Qrj + µiξi[k])
2)/V2

j −
nL
∑

j=1
Rj(P2

j + (Qj −Qrj)
2)/V2

j

µi
ξi[k]

(25)

4.2. Algorithm Flow

The implementation of the presented reactive power optimization via the distributed random
gradient-free algorithm is shown in Figure 2, and the specific procedures are as follows:

1. Input data including the coefficients of cost functions, various limits of the DNs’ power output,
the total load demand, etc. The maximum available reactive power output is satisfied with
Equation (5).
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2. The optimization variable Qri[0] is initialized, according to references [11]. Then, set up the
smoothing coefficient of the objective function and generate the random sequence.

3. According to formula Equations (2) and (3), calculate the initial power loss PL and voltage
profiles DV .
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4. Correct the iteration step by k = k + 1, where the initial number of iteration steps is k = 0.
5. According to formula Equation (19), calculate the weighted mean values, according to formula

Equation (8) calculate the Gauss approximation.
6. According to formula Equation (25) calculate distributed randomized gradient-free oracles;

according to formula Equation (16) calculate the current iteration step by αk = 1/
√

k + 1.
7. According to formula Equation (23), implement the optimal iteration of the reactive power

output variables.
8. Determine whether the current variables are within the available space. If they satisfy, proceed

to the next step; otherwise, the variables take the upper (Qri[k + 1] ≥ Qmax
i [k + 1]) or lower

(Qri[k + 1] ≤ Qmin
ri [k + 1]) limits of the constraints.

9. Calculate the power flow via the back/forward sweep method [19]. Calculate the power loss by

∆Pn = P2
n+Q2

n

(Vk−1
n )

2 ∗ Rn, ∆Qn = P2
n+Q2

n

(Vk−1
n )

2 ∗ Xn, then calculate the power flow Sk
n−1 = Sk

n + ∆Sn; based

on known power injection, calculate the voltage drop ∆Vk
n−1 = Pk

n R+Qk
nX

Vk−1
n−1

, δVk
n−1 = Pk

n X+Qk
nR

Vk−1
n−1

, then

the terminal voltage is Vk
n =

√
(Vk−1

n−1 − ∆Vk
n−1)

2
+ (δVk

n−1)
2, θk

n = arctan
δVk

n−1
Vk

n−1−∆Vk
n−1

.

10. Calculate the iteration error ϑ = (Qri[k + 1]−Qri[k])/Qri[k] .
11. Determine whether the iteration error satisfies the allowable value. If it satisfies, then proceed to

the next step; otherwise, return to step Equation (4) for the next iteration.
12. Output the optimal solution vector.

5. Numerical Example

In this section, a modified IEEE-69 standard distribution system shown in Figure 3 is used to
evaluate the presented solution [11]. The distribution lines and communication lines are overlapped
over the overall network. The voltage regulation of each agent is in the range of [0.80 p.u., 1.05 p.u.].
The distribution network has sixty-nine buses with eight reactive compensation capacitor banks
and two DGs. The modified diagram has been associated with eight shunt capacitor banks. Each
capacitance is 500 kvar and each bank consists of 50 kvar capacitors simultaneously, while the
maximum limited power of the two DGs is 800 kvar. The power base is 10 MVA in this test system.
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To compare the performance of centralized and distributed optimization solutions, we consider
the active power loss and voltage profiles of the system simultaneously. The authors in [9] examined
the solutions of weighting factors W1 and W2. To evaluate the optimality of the obtained solutions,
the centralized algorithm (PSO, Particle Swarm Optimization) is considered to find the global
optimal [20]. This section implements three simulation scenarios on the revised IEEE 69-bus test system
as follows. Scenario A: the performance of our distributed optimization algorithm. Scenario B: the



Energies 2018, 11, 534 9 of 13

adaptability of the distributed reactive power optimization algorithm under different communication
topology. Scenario C: the performance of the presented reactive power distributed optimization
algorithm with flexible plug-and-play of DGs.

5.1. Scenario A: The Performance of the Distributed Optimization Algorithm

Figures 4 and 5 provide the optimal scheduling under this scenario. As shown in Figure 4,
the converged values of the objective function with the distributed and centralized solutions are
the same and both are superior to the case without optimization. For the PSO that perhaps will
run into local optima, the distributed approach finds the optimal reactive power operation without
centralized controller for communication and data processing. When considering the communication
cost, the distributed algorithm will be more economical.
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As shown in Figure 4b, the minimum bus voltage without RPO is 0.883 p.u. (at bus #54), however,
it increases to 0.898 p.u. after the proposed solution is employed. With reactive power optimization,
the voltage profiles are improved to some extent after the reactive power control devices are employed.
The convergence of optimal reactive outputs of capacitor banks and DGs are shown in Figure 4c,d.
Note that the capacitor banks are discrete optimization variables, the state of capacitor banks presents a
step-type-change, or keep constant. While DGs regulate the reactive power continuously and converge
to optimal solution steadily. With the dispatch of capacitor banks and DGs, the overall economics of
the test system is improved.

The convergence of the proposed distributed method is further influenced by the choice of the
parameter µ. As illustrated in Figure 5, the convergence rate is sensitive to the choice of µ. We use
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µ = 0.1, as we found, via empirical experimentation, which has the best convergence properties for
the test system algorithm, for implementing the simulations.Energies 2018, 11, x 10 of 13 
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5.2. Scenario B: The Adaptability of the Distributed Algorithm under Different Communication Topology

Due to the uncertainty of communication, the network topology perhaps changes and
communication links occasionally interrupted. When compared with Scenario A, Scenario B has three
communication lines out of service, as shown in Figure 6. Note that scenario B still has communication
connectivity. As shown in Figure 7, although the optimal operation of the system has time-delays,
the algorithm finds the global optimum ultimately at t = 2.4 min, while the system under Scenario A
converges to final optimum at t = 1.4 min, which shows the adaptability of the presented distributed
algorithm under different communication topology.
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5.3. Scenario C: The Performance of the Distributed Reactive Power Optimization with Flexible Plug-and-Play
of DGs

The distributed generation, especially the renewable energy sources, including photovoltaic
generation and wind power generation, has the properties of intermittent and volatility. Based on
network topology of scenario A, the operation states of DGs are shown in Figure 8, with the assumption
that one of DGs (DG19) disconnection from power network at t = 3 min and re-connected to the
test system at t = 4.2 min. It can be seen that reactive power is redistributed via the distributed
random gradient-free algorithm when DG19 plug-off from the test system. Therefore, the distributed
scheduling method that is proposed in this paper can accommodate to the plug-and-play events of the
DG units friendly, and therefore improve the robustness of the system.
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6. Conclusions

The problem of reactive power optimization in distribution network has non-linear objective
function with continuous and discrete optimization variables. The proposed distributed optimization
strategy can guarantee voltage quality and reduce power loss by utilizing local measurements and
local communications of capacitor banks and DGs via random gradient-free algorithm. Based on
the distributed optimization algorithm, the RPO problem converges to a global optimal solution
effectively. Simulation studies with the revised IEEE 69-bus test distribution system under
different communication topology demonstrate the effectiveness and the robustness of the proposed
optimization solution.

In comparison with centralized schemes, the proposed distributed solution does not require a
centralized processor, and is computational efficient that is based on the information exchange among
neighboring agents. In addition, the solution is capable for online application with strong robustness.
The next task will be to incorporate wind power and solar power DGs to the proposed reactive power
optimization model and algorithm in distribution network.
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