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Abstract—The limitations of centralized optimization methods
in managing power distribution systems operations motivate
distributed control and optimization algorithms. However, the
existing distributed optimization algorithms are inefficient in
managing fast varying phenomena, resulting from highly variable
distributed energy resources (DERs). Related online distributed
control methods are equally limited in their applications. They
require thousands of time-steps to track the network-level optimal
solutions, resulting in slow performance. We have previously
developed an online distributed controller that leverages the sys-
tem’s radial topology to achieve network-level optimal solutions
within a few time steps. However, it requires solving a node-
level nonlinear programming problem at each time step. This
paper analyzes the solution space for the node-level optimization
problem and derives the analytical closed-form solutions for
the decision variables. The theoretical analysis of the node-level
optimization problem and obtained closed-form optimal solutions
eliminate the need for embedded optimization solvers at each
distributed agent and significantly reduce the computational time
and optimization costs.

Index Terms—distributed control, optimal power flow, power
distribution systems, radial networks, distributed optimization

I. INTRODUCTION

The development of optimal power flow methods (OPF)

for electric power distribution systems has gained significant

attention due to the increased number of distributed energy

resources (DERs) with controllable smart inverters as they

unfold the opportunity to operate power distribution grids more

efficiently [1], [2]. To this end, both centralized and distributed

OPF computational paradigms have emerged as viable mech-

anisms for distribution systems. The computational challenges

posed by the centralized optimization paradigm and its suscep-

tibility to a single-point failure motivate the use case for the

distributed OPF algorithms. However, as the state-of-the-art

distributed OPF methods are typically open-loop and slow in

response, the intermittent nature of the DER generation makes

it challenging to track the network-level optimal solutions. The

primary drawback remains the requirement of a large number

of message-passing rounds among the agents (on the order of

102 − 103) to converge for a single-step optimization [3]–[6].

Note that a large number of communication rounds/message-

passing events among distributed agents is not preferred since

this leads to significant delays in decision-making.

To alleviate these challenges, recent work proposes dis-

tributed online feedback-based voltage controllers to solve the

OPF problem in a distributed manner. [7]–[12]. In contrast

with traditional distributed optimization methods, these con-

trollers do not wait to optimize for a time-step but asymptoti-

cally arrive at the optimal solution over several steps of real-

time decision-making. They generally take one step towards

the optimal solution and then move on to the next time step

of the system simulations/observation. For example, in [7],

[8], the proposed algorithm minimizes the active power loss

upon implementing one step of the gradient descent method at

each controllable node. In [9], a bilevel real-time controller is

proposed that enables the agents to pursue a given performance

objective and maintain operational limits by using a primal-

dual projected gradient method. In [10], authors developed a

proximal gradient method for online convex optimization, and

in [11], a distributed controller is proposed that can limit the

voltage, satisfy Q capacity, and minimize a cost function.

Although the existing real-time feedback-based online con-

trol algorithms can manage fast-changing system conditions,

they pose several limitations. First, they are unable to reach

global optimal solutions [7], [8]. Second, some of the existing

methods require a central coordinator to update the global

variable or to start an update sequence [10], [12]; thus, they

are not fully distributed. Moreover, these techniques require

several time-steps to reach the optimal solution for a system

with steady systems parameters [11]. Thus, they are slow at

tracking the network-level optimal solutions and show subop-

timal performance for fast-changing system conditions (such

as DER generation variability). Also, since the intermediate

iterates are not optimal, they generally violate critical system

operating constraints. To mitigate some of these concerns,

previously, we developed an online distributed voltage con-

troller for radial distribution systems, ENDiCO controller,

based on the equivalence of networks principle [13], [14].

The proposed approach leverages the radial topology of the

power distribution system and the associated unique power

flow properties to develop the distributed feedback-control

algorithms. This controller reduces the number of time steps

required to track the optimal solutions by order of magnitude.

However, it requires solving a nonlinear programming problem

at each time step, thus necessitating an embedded optimization

solver at each controllable node.

This paper aims to develop analytical solutions using closed-

form expressions for the node-level optimization problems
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in ENDiCO controllers, namely ENDiCO CLF. This elim-

inates the need for embedded optimization solvers at each

controllable node, replacing them with a relatively simple

algebraic computation, and greatly reduces the computational

time needed to obtain network-level optimal solutions. We

detail the solution space for Volt-Var (VVC) and Volt-Watt

control (VWC) problems and use that to obtain an analytical

solution for the decision variables. Note that the existing

distributed voltage control algorithms typically solve one step

of the network-level optimization problem in a distributed way.

Contrary to the existing online distributed control algorithms,

our approach reduces the variable space for the optimization

problem at each node and obtains the optimal decisions using

closed-form expressions. The simulation results validate that

the proposed approach can successfully track the network-level

optimal solutions while maintaining the distribution system’s

operating constraints.

II. SYSTEM MODELING & PROBLEM FORMULATION

In this paper (·)(t) represents the variable at time step t; | . |
symbolizes cardinality of a discrete set, or the absolute value

of a number; j =
√
−1; (.) and (.) are used to denote the

minimum and maximum limit of any quantity, respectively.

A. Network & DER Model

We assume a radial single-phase power distribution network,

where N and E denote the set of nodes and edges of the

system. Here, edge ij ∈ E identifies the distribution lines

connecting the ordered pair of buses (i, j) and is weighted with

the series impedance of the line – represented by rij + jxij .

The set of load buses and DER buses are denoted by NL

and ND, respectively. Let, for a given node j, node i be the

unique parent node, and Njk = [k1, k2, .., kn] be the set of

children nodes for node j. We denote vj and lij as the squared

magnitude of voltage and current flow at node j and in branch

{ij}, respectively. The network is modeled using the nonlinear

branch flow equations [15] shown in (1). Here, pLj
+ jqLj

is

the load connected at node j, Pij , Qij ∈ R are the sending-end

active and reactive power flows for the edge ij, and pDj+jqDj

is the power output of the DER connected at node j ∈ ND.

Pij − rijlij − pLj
+ pDj =

∑

k:j→k

Pjk (1a)

Qij − xijlij − qLj
+ qDj =

∑

k:j→k

Qjk (1b)

vj = vi − 2(rijPij + xijQij) + (r2ij + x
2
ij)lij (1c)

vilij = P
2
ij +Q

2
ij (1d)

The DERs are modeled as Photovoltaic modules (PVs) inter-

faced using smart inverters, capable of two-quadrant operation.

At any node j ∈ ND, for the Volt-Var Control (VVC) method,

the real power generation by the DER, pDj is assumed to

be known (measured). The reactive power generation, qDj ,

is controllable and modeled as the decision variable. Let the

rating of the DER connected at node j ∈ ND be SDRj , then

the limits on qDj are given by (2).

−
√

S2
DRj − p2Dj ≤ qDj ≤

√

S2
DRj − p2Dj (2)

On the contrary, for the Volt-Watt Control (VWC), qDj is

set to 0, and pDj is assumed to be controllable and can vary

between 0 and SDRj , see (3).

0 ≤ pDj ≤ SDRj (3)

B. Distributed Real-Time Controller

Recently, we have developed a real-time, feedback-based

distributed controller, ENDiCO, to solve network level optimal

power flow problems [13]. Briefly, each node j ∈ ND solves

the OPF problem defined by P1 (4). Either pDj or qDj is

controlled to minimize some cost/objective function f . At

time-step t, node j receives node voltage v
(t−1)
i from the

parent node i, and power flows P
(t−1)
jk + jQ

(t−1)
jk from all of

the children nodes in set Njk (Fig. 1). The ENDiCO controller

assumes the parent node voltage and the power flow to the

children node to be constant, and solves the problem P1 locally

for the reduced network. Note that the controller at node j only

requires the upstream node voltage and downstream active and

reactive power flows for optimization.

Assumption 1: All the nodes in the network have an agent

that can measure its local power flow quantities (node voltages

and line flows) and communicate with neighboring nodes.

(P1) min f
(t)

(4a)

P
(t)
ij − rijl

(t)
ij − p

(t)
Lj

+ p
(t)
Dj =

∑

k:j→k

P
(t−1)
jk (4b)

Q
(t)
ij − xijl

(t)
ij − q

(t)
Lj

+ q
(t)
Dj =

∑

k:j→k

Q
(t−1)
jk (4c)

v
(t)
j = v

(t−1)
i − 2(rijP

(t)
ij + xijQ

(t)
ij ) + (r2ij + x

2
ij)l

(t)
ij (4d)

l
(t)
ij =

(P
(t)
ij )2 + (Q

(t)
ij )2

v
(t−1)
i

(4e)

v ≤ v
(t)
j ≤ v (4f)

l
(t)
ij ≤

(

I
rated
ij

)2

(4g)

DG Limit: equation (2) or (3) (4h)

Here, v = 0.952 and v = 1.052 pu are the limits on bus

voltages, and Iratedij is the thermal limit for the branch {ij}.

The convergence of the boundary variables is obtained using

the Fixed-Point Iteration (FPI) update denoted by (5). Here, the

variable X can be the power flow requirements from the child

nodes, i.e., {Pjk, Qjk}, or the voltage at the parent node, vi.
Further, instead of a constant value, α can be made adaptive.

X
(t−1) :=

X(t−1) + αX(t−2)

1 + α
(5)

Let F
(t) be the constrained optimization problem de-

fined by P1 at time step t. For VVC, node j attains the

optimal reactive power dispatch q
(t)
Dj using (6a). For the

VWC, the optimal active power dispatch p
(t)
Dj is solved using

(6b). The resulting nonlinear optimization problem F
(t) is

in five variables; {P (t)
ij , Q

(t)
ij , v

(t)
j , l

(t)
ij , q

(t)
Dj} for VVC, and

{P (t)
ij , Q

(t)
ij , v

(t)
j , l

(t)
ij , p

(t)
Dj} for VWC. All controllable nodes in

the system solve P1 in parallel and calculate their respective

dispatches using (6). Further details can be found in [13].
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Fig. 1: Cyber Layer Communication

For VVC: q
(t)
Dj = q

∗

Dj = argmin
qDj

F
(t)(qDj) (6a)

For VWC: p
(t)
Dj = p

∗

Dj = argmin
pDj

F
(t)(pDj) (6b)

III. DISTRIBUTED CONTROLLER WITH CLOSED-FORM

SOLUTION: ENDICO CLF

In this section, we obtain the closed-form solutions for the

distributed OPF problem detailed in P1 (4). The controllable

nodes calculate the optimal decision variables for the current

time-step using the obtained closed-form expressions in this

section. First, we detail the solution space and the closed-form

solution for the VVC case. Next, the analytical solution for the

VWC problem is constructed. The ENDiCO CLF algorithm is

discussed last.

Assumption 2: The loads are modeled as constant power loads.

A. Analytical Solution for Volt-Var Control

For the VVC, let us define the optimization variables of

the optimization problem P1 as x = {x1, x2, x3, x4, x5} =

{P (t)
ij , Q

(t)
ij , v

(t)
j , l

(t)
ij , q

(t)
Dj}. We denote the constants (at time-

step (t − 1)) as the following: P =
∑

k:j→k P
(t−1)
jk + p

(t)
Lj

−
p
(t)
Dj , Q =

∑

k:j→k Q
(t−1)
jk + q

(t)
Lj

, V = v
(t−1)
i and z = z1 +

jz2 = rij + jxij . Then, we can write the aforementioned

OPF problem in P1 using (7). Here, l = {l1, l2, l3, l4, l5} and

u = {u1, u2, u3, u4, u5} are the lower and upper bounds for

each of the problem variables.

(P2) min f(x) (7a)

x1 = z1x4 + P (7b)

x2 = z2x4 +Q− x5 (7c)

x3 = V − 2(z1x1 + z2x2) + z
2
x4 (7d)

V x4 = x
2
1 + x

2
2 (7e)

l ≤ x ≤ u (7f)

The general solution for the set of linear equalities (7b)-(7d)

is represented in parametric form as follows.
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Using x1 and x2 from (8) in the non-linear constraint (7e),

we get (9a) which represents the solution space of the local

problem. This can further be simplified to (9b).

*
5
unbx

5
vubx

5u

4x

5x

0 0
4 5( , )x x

(a) VVC Case

5
vubx

5u

4x

5x

0 0
4 5( , )x x

(b) VWC Case

Fig. 2: Solution Space of the Distributed OPF

(P + z1x4)
2 + (Q+ z2x4 − x5)

2 = V x4 (9a)

⇒ z
2
x
2
4 − 2z2x4x5 + x

2
5 + x4(2Pz1+2Qz2 − V )

+x5(−2Q) + P
2 +Q

2 = 0
(9b)

Equation (9b) represents an ellipse whose general form is

Ax2
4 +Bx4x5 +Cx2

5 +Dx4 +Ex5 +F = 0, where, A = z2,

B = −2z2, C = 1, D = 2Pz1 + 2Qz2 − V , E = −2Q, and

F = P 2 +Q2. The angle θ (w.r.t. the x4 axis) and the center

(x0
4, x

0
5) of the ellipse can be found using (10) and (11).

θ = arctan

(

− 1

2z2
(1− z

2 −
√

(z2 − 1) + 4z22)

)

(10)

x
0
4 =

2CD −BE

B2 − 4AC
=

V − 2Pz1

2z21
(11a)

x
0
5 =

2AE −BD

B2 − 4AC
=

V z2 + 2Qz21 − 2Pz1z2

2z21
(11b)

Now that we have the solution space ready for VVC (Fig.

2a), we discuss a specific VVC problem where we control

reactive power generation of DERs, x5 to minimize the active

power losses, rij lij . This is equivalent to minimizing f(x) =
x4. Upon removing the box constraints of the variables, we

first attain the optimum solution for the relaxed problem. Then

the solution is projected onto the feasible space defined by the

bounds of the variable space. The relaxed solution, xunb∗
5 , is

obtained upon differentiating the left-hand side of (9a) w.r.t.

x5 and setting the result to 0 (13). After substituting the xunb∗
5

in (9a), we also get the minimum current flow, xunb∗
4 , for the

relaxed problem using (14).
d

dx5

{

(P + z1x4)
2 + (Q+ z2x4− x5)

2

}

= 0 (12)

⇒ x
unb∗
5 = Q+ z2x

unb∗
4 (13)

x
unb∗
4 =

V − 2Pz1 −
√
V 2 − 4V Pz1

2z21
(14)

Next, xunb∗
5 is projected onto the feasible space by applying

the voltage bounds and DERs physical limits. For active power

loss minimization problem, the voltage will have an active

upper bound, i.e., x3 ≤ u3. Thus the projected value, x5, onto

the feasible space for voltage bounds, xvub
5 , can be found using

(15). Here, x4 is approximated as, x4 ≈ P 2+(Q−x5)
2

V
.

V − 2(z1P + z2Q)− z
2
x4 + 2z2x5 ≤ u3

⇒ z2

2z2V
(x5)

2 −
(

z2Q

z2V
+ 1

)

x5 +Q+
z1

z2
P+

1

2z2
(u3 − V ) +

z2

2z2V

(

P
2 +Q

2
)

≥ 0

⇒ x5 ≤ −b1 −
√

b21 − 4a1c1

2a1
= x

vub
5

(15)



where, a1 = z2/2z2V , b1 = −(z2Q/z2V + 1) and c1 =
Q+ z1

z2
P + 1

2z2
(u3−V )+ z2

2z2V
(P 2+Q2). The other solution

would be x5 ≥ −b1+
√

b2
1
−4a1c1

2a1

, which is at the far right of the

ellipse, and thus not a feasible solution. After considering the

physical limits of the DER reactive power generation (u5), the

analytical solution for the power loss minimization problem

is given by (16). A similar analysis can be performed for

other VVC problems to obtain a closed-form solution. One

example could be minimizing bus voltages, x3. This problem

will activate lower bound constraints on the voltage (x3 ≥ l3),

instead of the upper bound constraint.

q
(t)
Dj = x

∗

5 = min {xunb∗
5 , x

vub
5 , u5} (16)

B. Analytical Solution for Volt-Watt Control

Similarly for the VWC case, we use the same constants

Q, V, z and same variables x1 through x4. However, we define

P =
∑

k:j→k P
(t−1)
jk + p

(t)
Lj

and x5 = p
(t)
Dj . The optimization

problem is formulated using (17)

(P3) min f(x) (17a)

x1 = z1x4 + P − x5 (17b)

x2 = z2x4 +Q (17c)

constraint (7d), (7e), (7f) (17d)

Using similar methods, we obtain the solution space (the

ellipse in Fig. 2b) for the VWC problem as well. Next, we

detail the closed-form solution for a specific VWC problem

objective. Specifically, we detail the closed-form solution for

the problem of minimizing DER curtailment or maximizing

the DER power generation. Thus, the cost function (for

individual node) is given by, f(x) = −x5. Since we want to

maximize x5, the limiting constraint will be either the upper

bound of the voltage u3, or the physical limit of the DER

power generation, u5. By activating the constraint x3 ≤ u3,

we get xvub
5 – the maximum amount of DER generation that

does not violate the voltage bounds. A similar method detailed

in (15) is used to obtain, xvub
5 , expressed using (18).

x5 ≤ −b2 −
√

b22 − 4a2c2

2a2
= x

vub
5 (18)

where, a2 = z2

2z1V
, b2 = −

(

z2P
z1V

+ 1
)

and c2 = P + z2
z1
Q +

1
2z1

(u3−V )+ z2

2z1V
(P 2+Q2). After considering the physical

limits on DER active power generation, x5 ≤ u5, we obtain the
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Fig. 3: IEEE 123 Bus Test System with 85 DERs

closed-form expression for the optimal active power generation

from DER as (19).

p
(t)
Dj = x

∗

5 = min {xvub
5 , u5} (19)

C. Online Feedback-based ENDiCO-CLF Controller

In this section, the proposed ENDiCO CLF algorithm is

discussed. This method is based on the previously developed

ENDiCO controller, and we use the same communication

infrastructure; however, we incorporate the analytical solutions

for finding the local optimal set-points. The algorithm of the

ENDiCO CLF controller is detailed in Algorithm 1.

Algorithm 1: ENDiCO CLF

Node : ∀j ∈ ND

Time Step : t

Receive : v
(t−1)
i and P

(t−1)
jki

+ jQ
(t−1)
jki

Transmit : v
(t)
j and P

(t)
ij + jQ

(t)
ij

Steps :

1 Calculate
∑

P
(t−1)
jk + jQ

(t−1)
jk from all the

P
(t−1)
jki

+ jQ
(t−1)
jki

, received from child nodes ki ∈ Njk

2 Approximate the upstream and downstream network of line

{ij} with fixed value of v
(t−1)
i and

∑

P
(t−1)
jk + jQ

(t−1)
jk

3 Solve optimization problem (6) using closed-form solutions;
equation (16) & (19) for VVC & VWC, respectively

4 Implement the set point q
(t)
Dj for VVC, and p

(t)
Dj for VWC at

node j

5 Measure the node voltage v
(t)
j at node j and complex power

flow P
(t)
ij + jQ

(t)
ij in the line {ij}

6 Send v
(t)
j and P

(t)
ij + jQ

(t)
ij to child nodes ki and parent

node i, respectively

7 Receive v
(t)
i and P

(t)
jki

+ jQ
(t)
jki

from parent and child nodes,
respectively

8 Move forward to the next time step (t+ 1)

IV. CASE STUDIES

In this section, we validate the proposed ENDiCO CLF

for both VVC and VWC problems using several test cases.

The performance and the solution quality for the proposed

controller is analyzed by evaluating (i) its ability to track the

optimal solutions, (ii) nodal voltage control capability, and (iii)

time required to achieve the optimal solutions. The proposed

ENDiCO CLF controller is also compared against a centralized

OPF (C-OPF) solution via simulations.

A. Test Systems

We select IEEE-123 bus test system with 100% customer

PV penetration (85 DERs) for simulation studies (Fig. 3). The

normalized load curves and high PV irradiance for simulated

30-minute test case is shown in Fig. 4a. It is assumed that

the load and PV irradiance change at every 1-minute time-

interval. The time resolution for the controller is assumed

6 seconds, i.e., each controller takes an optimal action and

communicates with its immediate neighbor within 6 sec – this

is in accordance with related literature in this domain [16].

This proposed ENDiCO CLF controller is evaluated for two

types of OPF problems: (i) VVC: loss minimization and (ii)



(a) Normalized Load and PV generation (b) VVC: Minimized Active Power Loss (c) VWC: Maximized DER Generation

Fig. 4: Time-Series Result for ENDiCO CLF

(a) VVC Case (b) VWC Case

Fig. 5: Voltage Oscillation for ENDiCO CLF

VWC: DER curtailment. The rated real power of the DERs are

randomly chosen between 1− 5kW and 12− 60kW for VVC

and VWC case, respectively. The maximum kVA rating for the

PV panel is set at 120% of their rated real power generation.

Also, we assume α to be 0 and 10 for VVC and VWC case,

respectively.

B. Simulation Results

The numerical simulation of the ENDiCO CLF controllers

are detailed in this section. Here, we compare the objective

function values and the nodal voltages. We also compare the

solution times for different OPF methods.

1) Objective Value Tracking: The Proposed ENDiCO CLF

controller can track the value of the objective function for both

VVC and VWC cases (Fig. 4b, 4c). Here, C-OPF solves the

same optimization problem centrally by collecting all the data

from the network, and then dispatching the decision variables

to the controllable nodes. From Fig. 4, it is evident that the

developed ENDiCO controller can track the optimal solutions

for the given time resolution. Given these fast-changing sce-

narios, the proposed controller performs well and accurately

tracks the original solution with minimum oscillations.

Fig. 4b shows the active power loss in the line for the

three cases: ENDiCO CLF, C-OPF and without any controller.

Note that, for the VVC problem, the proposed ENDiCO CLF

approach takes only 2 time-steps to converge. The maximum

tracking error in this case is not more than 0.3 kW. In Fig. 4c,

the DER generation output for each minute is shown for the

VWC problem. Convergence is achieved within 4 time-steps.

An initial oscillation can be seen at the beginning of each time

step, but is fully suppressed after two or three time steps. Also,

the difference between the C-OPF solutions and the converged

ENDiCO CLF solutions are less than 1.8%. It is to be noted

that for the DER maximization problem (VWC), we have

assumed an extreme DER deployment case where generation

in the system is ∼ 2.5MW higher than the total load in the

system. The proposed ENDiCO CLF performs reasonably well

even during extreme scenarios. For more typical cases, the

oscillations and tracking errors are significantly less.

2) Nodal Voltage Comparison: To evaluate the solution

quality of ENDiCO CLF in terms of nodal voltages, we

first discuss the voltage oscillations when system parameters

change, and then we compare the stable voltage solution with

C-OPF results.

(i) Voltage Oscillations: When the network parameters such

as load and DER generation change, small oscillations (or

no oscillations) can be seen in the node voltages (Fig. 5).

From the Fig. 5a, we can see that for VVC with moderately

stressed distribution system, the node voltage stabilizes fast

after each change in the network parameters. In addition to

that, VWC with highly stressed system that has significantly

high DER penetration, a small voltage oscillation is present at

the very beginning of each time step (Fig. 5b). The maximum

oscillation recorded for the simulated case is of 0.005 pu in

the 30-min simulation window, but that reaches a stable value

after 4 time-steps.

(ii) Voltage Control: Next the performance of ENDiCO CLF

controller is evaluation for its ability to maintain the system

voltages. Here, we compare the voltage profile obtain upon

implementing the ENDiCO CLF controller with the results

obtained from C-OPF. Fig. 6 shows the nodal voltages of

ENDiCO CLF and C-OPF for both VVC and VWC cases.

From the figure, it is clear that for VVC, nodal voltages for

the ENDiCO CLF and C-OPF match closely. The maximum

voltage difference between these two methods is only 0.001
pu. Even for the highly stressed VWC case, we can see that

only the voltages of ∼ 6 nodes cross the limit by 0.005 pu,

the rest of the nodes generally maintain the same voltage level

as the C-OPF results. Thus, we conclude that the proposed

ENDiCO CLF can maintain the voltages within the pre-

specified limits even for an extreme DER penetration scenario.

3) Solving Time: In this section, we compare the required

average solving time for C-OPF, previously developed EN-

DiCO controller, and the modified ENDiCO CLF controllers



(a) VVC: ENDiCO CLF (b) VVC: C-OPF (c) VWC: ENDiCO CLF (d) VWC: C-OPF

Fig. 6: Comparison of nodal Voltage with Centralized OPF Solutions for Different Cases

in Table I. The quantity represents the average time required to

solve the OPF problem for each minute window. From the ta-

ble we can see that C-OPF, ENDiCO with optimization solvers

and ENDiCO with closed-form solutions take 11.4, 0.06 and

2.6 × 10−5 s on an average, respectively to solve the VVC

case. It is clear that using closed-form expressions with the

ENDiCO controller greatly reduces the solving time.

TABLE I: Solving Time Comparison

Cases C-OPF ENDiCO ENDiCO CLF

VVC 11.4 s 0.06 s 2.6× 10
−5 s

VWC 15.53 s 0.063 s 6.4× 10−5 s

TABLE II: Controller Performance Summary

Cases VVC VWC

Max time steps to converge 2 4

Max voltage oscillation 0.001 pu 0.005 pu

Max tracking Error 1.5% 1.8%

Voltage limits Violation 0 pu 0.005 pu

C. Discussions

The previously developed ENDiCO controller solves one

of the major drawbacks of the state-of-the-art feedback-based

online distributed controllers. It significantly reduces the num-

ber of time-steps required to track the optimal solutions, thus

allowing a fast-tracking of optimal system operations with

highly variables DERs. In this paper, the computational com-

plexity of the controller is further reduced by incorporating

the closed-form solutions with the ENDiCO controllers. This

not only drastically minimizes the OPF solve time but also

removes the necessity of placing an optimization solver at each

distributed agent. Hence, the proposed approach significantly

advances the state-of-the-art distributed feedback-based online

voltage control applied to radial distribution systems. The

computational performances are summarized in Table II.

V. CONCLUSIONS

The proposed ENDiCO CLF controller leverages the ra-

dial topology of a power distribution system, significantly

improving the computational time needed to obtain network-

level optimal solutions. The key improvement is the imple-

mentation of closed-form solutions to solve the node-level

subproblems. This eliminates the need for embedded solvers at

each agent, replacing them with a relatively simple algebraic

computation. This new controller can handle rapid changes

in system variables and accurately track optimal conditions
even in highly stressed systems with minimal computation and

communication requirements. Solutions show minimal to no

oscillations in nodal voltages. In this paper, we considered a

balanced network for algorithm design and simulations and

we plan to expand the proposed method for an unbalanced

three-phase distribution system.
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