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Abstract

The integration of renewable energy into distribution networks has led to voltage violations
and increased network losses. Traditional control devices, with slow response, struggle
to precisely control power flow in active distribution networks (ADNs). Optimizing from
both supply and demand sides, an ADN power flow optimization method is proposed
for accurate and dynamic power flow regulation to address these issues. On the demand
side, the peak, valley, and flat periods are divided by the fuzzy transitive closure method.
Balancing user satisfaction maximization and load fluctuation minimization, time-of-use
(TOU) prices are solved by the non-dominated sorting genetic algorithm II (NSGA-II).
On the supply side, operating cost and voltage deviation minimization are objectives,
with a proposed optimization method coordinating precise continuous regulation devices
and low-cost discrete ones. After second-order cone programming and linearization, the
multi-objective model is solved via the normalized normal constraint (NNC) algorithm
to get a solution set, from which the optimal solution is selected using Entropy Weight
and Technique for Order Preference by Similarity to an Ideal Solution (EW-TOPSIS). The
results indicate that, in comparison with the proposed method, ADN not implementing
demand-side TOU pricing strategies exhibits an increase in operating costs by 13.83% and
a rise in voltage deviation by 4.14%. Meanwhile, ADN utilizing only traditional discrete
control devices demonstrates more significant increments, with operating costs increasing
by 182.40% and voltage deviation rising by 113.02%.

Keywords: time-of-use pricing; soft open point; active distribution network; flexible
interconnected distribution network; multi-objective optimization

1. Introduction

With the depletion of fossil fuels, the pace of developing renewable energy power
generation is accelerating [1,2]. Renewable energy is increasingly integrated into distribu-
tion networks in the form of distributed generation (DG), thereby transforming traditional
passive distribution networks into active distribution networks (ADN) that encompass
energy collection, transmission, storage, and distribution [3]. The operation of ADN is more
complex than those of traditional distribution networks [4,5]. The volatility of photovoltaic
power generation and wind power generation leads to high frequency and large amplitude
of power fluctuations in feeders connected to DG, causing problems such as voltage viola-
tions and increased network losses, and even seriously threatening the stability and safety
of ADN operation [6-8].
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The on-load tap changer (OLTC) and capacitor banks (CBs) are traditional devices
used to regulate grid operation [9-11]. Due to the frequent fluctuations in renewable
energy output, it is difficult to achieve fast and precise control of ADNs relying solely on
OLTC and CBs, which have slow response speeds and limited operation times [12]. With
the development of power electronic technology, the soft open point (SOP) has gradually
replaced some tie switches in distribution networks [13,14]. The SOP can realize real-time
and continuous regulation of cross-feeder power flow and voltage through precise power
transmission [15-17]. Optimization methods for the coordinated operation of SOP and DGs
are, respectively, proposed in [18,19], confirming that the integration of SOP can improve
the power quality and renewable energy absorption rate of ADN. In addition, SOP can also
enhance the operational flexibility of ADN from both temporal and spatial dimensions [20].
Therefore, SOPs are suitable for integration into ADNs to mitigate the impact of power
fluctuations from renewable energy generation.

Due to the high investment cost of SOP devices, it is difficult to replace all tradi-
tional control and regulation devices in the system with SOP in current engineering ap-
plications [21]. Therefore, SOP can be operated in coordination with traditional control
devices [22]. An optimization strategy for the coordinated operation of SOP, OLTC, tie
switches, and an energy storage system was proposed in [23] to mitigate voltage fluctua-
tions and reduce losses. Based on SOP and CBs, a bi-level optimization model considering
both the economy and voltage level of distribution networks was constructed in [24] to
achieve precise power flow control. Based on deep reinforcement learning, a dual-time-scale
reactive power optimization strategy for the coordination of SOP, OLTC, and CB was pro-
posed in [25], which featured good real-time performance and lower communication costs.

In the optimization of flexible interconnected distribution networks, most scholars
tend to focus on operational optimization on the grid side, while few have conducted
comprehensive optimization by combining both the supply and demand sides of loads.
Demand response (DR) strategies play a role in stabilizing voltage and reducing costs
in ADN [26,27]. Based on DR strategies, a market-based real-time congestion mitigation
algorithm was proposed in [28] for ADN with dynamic electric vehicle charging behav-
ior. In [29], a multi-objective coordination scheme was proposed for ADN based on DR
strategies, which effectively reduced the peak—valley load difference and system operation
costs. TOU pricing is a popular research strategy of DR. However, some studies are limited
to establishing a single objective function for formulating TOU pricing strategies, such
as only considering users’ electricity costs or load peak—valley differences [30-33]. The
main goal of implementing TOU pricing strategies is to achieve peak shaving and valley
filling of the load. Moreover, considering users’ electricity costs is actually a consideration
of user satisfaction. Therefore, when formulating TOU pricing strategies, comprehensive
consideration should be given to minimizing load fluctuations and maximizing users’
comprehensive satisfaction.

Some scholars only consider a single objective function when optimizing the oper-
ation of flexible interconnected distribution networks [20], or adopt the weighted sum
(WS) method to integrate multiple objective functions into a single one [19,21,23]. The WS
method is one of the most easily implementable multi-objective optimization algorithms.
However, it is difficult to find all Pareto optimal solutions for non-convex problems using
the WS method [34]. The normalized normal constraint (NNC) algorithm can accurately
avoid non-Pareto solutions, comprehensively finding all Pareto optimal solution sets within
the feasible region. The found Pareto solution sets in the n-dimensional decision space
are uniformly distributed by using NNC algorithm [35]. The literature [36,37] has proven
through simulation experiments that when solving multi-objective optimization problems
in the form of mixed-integer second-order cone programming (MISOCP), the NNC al-
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gorithm can find Pareto solution sets with a more uniform distribution and more ideal
solutions compared with the WS method.

This paper aims to construct a demand—-supply coordinated optimal operation scheme
for flexibly interconnected distribution networks, so as to alleviate problems such as voltage
fluctuations and increased network losses caused by the integration of renewable energy
into the grid. On the demand side, with the goals of maximizing users’ comprehensive
satisfaction and minimizing load variance, users are guided to adjust their electricity
consumption through the TOU pricing strategy, so as to achieve peak-cutting and valley-
filling of the load. On the supply side, there exist issues such as slow response and limited
operation of traditional discrete control devices OLTC and CBs, as well as the contradiction
that the continuous control device SOP has strong controllability but high cost. This paper
establishes a coordinated control model of continuous and discrete devices with the goals
of minimizing operation cost and voltage deviation to optimize the power flow of AND
based NNC algorithm. Through demand-supply collaborative optimization, the economy
and stability of ADN are ultimately improved simultaneously.

2. Demand Response Model

In DR strategies, users are guided to adjust their regular electricity consumption
behaviors according to price signals or incentive mechanisms. Implementing DR strategies
can improve load distribution, reduce network losses, and enhance the stability of the
distribution network. DR strategies can be divided into price-based and incentive-based DR
strategies. This paper selects the time-of-use (TOU) pricing strategy from price-based DR.
The TOU pricing strategy guides electricity consumption behavior of users by formulating
peak, valley, and flat electricity prices. Based on the implementation of the TOU pricing
strategy, part of the load during peak periods can be shifted to off-peak periods, achieving
peak shaving and valley filling of the load. The fuzzy transitive closure method is adopted
to divide the peak, valley, and flat periods of electricity prices within a day. Combined with
historical electricity price data, with the objectives of maximizing users’ comprehensive
satisfaction and minimizing the peak—valley difference, the NSGA-II is adopted to obtain
the TOU electricity prices. The electricity load curve after implementing the TOU pricing
strategy is obtained based on the elasticity coefficient matrix.

2.1. Division of Periods

The membership degrees of peak and valley periods in the original electricity load
curve are calculated by the maximum specification method and minimum specification
method, respectively, as shown below:

xp(t) = RO (1=1,2,3...,n1)

0 0
PmaX_P t
o (t) = 71%“%1%&2, (t=1,2,3...,n7)

1)

In Equation (1), x,(t) and xy(t) are the membership degrees of the peak period and
valley period in the original electricity load curve, respectively. Py(t) is the total electricity
load in the period t before implementing DR. nt is the number of periods in a day. In
this paper, ny = 24. Each period lasts for one hour. PI"® and P are, respectively, the
maximum load value and the minimum load value among the 24 time periods.

Define the characteristic index matrix X = [xp(t), xy(t)], (t =1,2,...,24). Standard-
ize it using the translation-range transformation method. The element u,,(t) in the obtained
24-order standardized square matrix u, (t) can be expressed as
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X (£) — mino, (¢)
maxxy, (t) — minx, ()’

Uy (1) =

The Euclidean distance method is used to determine the similarity coefficient r,;,, and

(m=p,v) 2)

a fuzzy similarity matrix R is constructed thereby, as shown below:

rahzl—c\/ Y (ttam — )’ (a,b=1,2,...,24) 3)

me{p,v}

In Equation (3), the value of parameter ¢ should make r,, € [0,1].

The transitive closure is obtained by using the successive squaring method, denoted
as t(R) = R". Binarize R to obtain the A-cut matrix of it by setting a threshold A. When
A =1, the number of clusters is the number of periods in a day. Let A gradually decrease
from 1 to 0 until the number of clusters is 3, at which point the clustering results of the
peak, valley, and flat periods are obtained.

2.2. Formulate TOU Pricing
2.2.1. Demand Elasticity Coefficient Matrix

The demand elasticity coefficient matrix serves as the basis for the design of the time-
of-use electricity price strategy. The sensitivity of the electricity demand to changes in
electricity prices can be measured using the demand elasticity coefficient. The self-elasticity
coefficient represents the ratio of the load change in a period to the electricity price change
in the same period. If the electricity price rises in the current period, users will reduce their
electricity consumption during this period. The cross-elasticity coefficient represents the
ratio of the load change in one period to the electricity price change in other periods. If
the electricity price decreases in the current period, users will shift part of their electricity
consumption from some other period to the current period. A day is divided into three
periods: peak, valley, and flat. Therefore, the elasticity coefficient e,;; can be expressed as

AP/ Py,

= 4
Apn/pOn ( )

Cmn

In Equation (4), m € {p,f,v},n € {p,f, v}, p represents the peak period, f represents

the flat period, and v represents the valley period. AP,, represents the load change rate of

period m. Py, represents the load of period m before implementing DR. Ap,, represents

the electricity price change rate of period n. py, represents the electricity price of period n

before implementing DR. When m = n, ey, is the self-elasticity coefficient. when m # n,

emn is the cross-elasticity coefficient. The demand elasticity coefficient matrix E is expressed
as follows:

fpp Epn  CEpv
E= |enp emn eny ®)

eyp C€vn vy

In Equation (5), the diagonal elements ey, enn and eyy are self-elasticity coefficients,
and the remaining elements are all cross-elasticity coefficients. According to the mathemat-
ical relationship between the change in load demand and the change in electricity price,
the load demand after implementing DR can be obtained, as shown below:

POp 0 0 App/p()p
APload(t) =10 Py 0| XEX Apn/p()n ©6)
0 0 Py APV/pOV

Pioad (t) = Py + APioaq (t)
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In Equation (6), Pioaq (f) and APj,.q4(f), respectively, represent the total load and the
change in total load in period t.

2.2.2. Model of TOU Pricing

When formulating TOU electricity prices, it is necessary to both benefit the electricity
sellers and satisfy the users. Therefore, this paper defines the following two objective
functions for formulating TOU electricity prices, and uses the Nondominated Sorting
Genetic Algorithm II (NSGA-II) algorithm to solve this multi-objective model.

The first objective function is to minimize the load variance after the implementation
of DR:

1 &
51 = mln(ﬁz (Poad(t) — 1?)‘;%)2) ()
=1

In Equation (7), P, is the average electricity consumption of users in a day.

The second objective function is to maximize the comprehensive satisfaction of users:

Sy = max(weSe + wpSy)

SP = (ngz (Pload(t)_‘Apload(t) ))/tigl Pload<t) (8)
Sc = (tg (Cload(t>_ ’Acload(t) ‘ ))/tng:l Cload(t)

In Equation (8), w. and w, are the weight coefficients of S and S, respectively.
Cload (t) and ACjoaq(t) are the electricity cost paid by users and the variation of electricity
cost in period t, respectively.

3. Collaborative Operation Optimization Model
3.1. Mathematical Model of Controlling Equipment
3.1.1. Mathematical Model of SOP

In this paper, a back-to-back voltage source converter (VSC) is used to analyze the
optimization of SOP under steady state. As shown in Figure 1, the SOP is mainly installed
at the normally open point (NOP) that connects Feeder I and Feeder J. The mathematical
model of the SOP is as follows:

B0 4 BT 1 BT ()~
PEOP(t) = Asop (| PPV ()] + ‘Pfsop(t)‘) o
vij € Q;Vi,j €

Nyca

Lolad Feeder1

|

|

|

|

|

.’_

|

|

|

|

- -

|
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|

|

|

|

Figure 1. Installation location of SOP.

In Equation (9), PFOF(t) and Q°F(t) are, respectively, the active power and reactive
power of the VSC connected to node i in time period ¢. P]-SOP (t) and QJSOP(t) are, respectively,
the active power and reactive power of the VSC connected to node j in time period t. Pgop(t)
represents the power loss generated when the SOP connecting nodes i and j transmits
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power. is the loss coefficient of the SOP. Agop is the loss coefficient of the SOP. (2 is the set
of flexible interconnection branches. @ is the set of distribution network nodes.

3.1.2. Mathematical Model of CBs

Qcps(t) = Nj(t) x qcss (10)

In Equation (10), N;(t) is the number of units connected to CBs in period t. gcp; is the
capacity of each capacitor bank. Qcps(t) is the total installed capacity of CBs.

3.1.3. Mathematical Model of OLTC
The simple mathematical model of OLTC is as follows [38]:

(11)

In Equation (11), V;(t) is the voltage amplitude of node i at period t. k;;(t) is the voltage
transformation ratio of the OLTC at period t. k;;(0) is the initial voltage transformation
ratio. Ak;; is the increment per unit transformation ratio. Kj;(t) is the adjustment gear of
the OLTC in period ¢.

3.2. Objective Function

The following two objective functions are established to optimize the operation of the
flexibly interconnected distribution network, so as to improve the economy and stability of
the system simultaneously.

3.2.1. Minimize Operating Costs

The operation cost consists of two parts: the line loss cost and the switch loss cost. The
objective function is as follows:

The system operation cost consists of two parts: the line loss cost and the switch loss
cost. Line loss cost consists of the transmission network loss cost and the operating cost of
SOPs. Switch loss cost is composed of the operating costs of OLTC and CBs. The objective
function is as follows:

F = min(Cop) = min(floss + fswitch)

floss(t) = Closs Ploss = Closs(tg1 (iqul (R‘]’Ijzj(t)) + iqu) Pi?op(t))) (12)

Favient) = X (Coure|Ky(£) = Ky(t = )] + CenslNi(t) = Ni(t = 1))

In Equation (12), Pjoss represents the line loss. Cioss is the unit cost of line losses. R;; is
the resistance between node i and node j. [;;(t) represents the current flowing through the
Rjj during period t. ¥ is the ensemble of the original branches of the distribution network.
Corrc and Ccps are the unit costs of switch losses for OLTC and CBs, respectively.

3.2.2. Minimize Voltage Deviation

The degree of voltage deviation can be expressed by the sum of the deviations between
each node voltage and the rated voltage, which can be expressed as

F, = minAV

nr NN
AV = 5 3 |VA(E) =V, (Vilt) 2 Vi Vi) = View)
=1i=

(13)
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In Equation (13), Vy represents the rated voltage. ny represents the number of nodes
in the distribution network. Vi, and Vi, are the upper and lower limits of the desired
range of voltage magnitude, respectively. When the voltage amplitude of V;(t) is within

the expected range, the deviation between the voltage during period ¢ and the rated value
is not included in .

3.3. Constraint Conditions

The Distflow branch model is used to constrain the power flow of the distribution
network [39]. The Distflow branch model is shown in Figure 2 and equations of the Distflow
branch model are as follows:

Vi(f) - V]-(t_) = Ziﬂij(t)
Sij(t) = Vi(t) I5(t)
¥ Si()— T (Si(t) — Zij|1

k:j—k =

s (14)

Li(#)| ) = 5;(t)

In Equation (14), §z’j (t) represents the complex power injected from node i to node j
during period ¢. Svjk(t) represents the complex power injected from node j to node k during
period t.

; L
Z, =R+ X, :
| PALENAY
—> _ .
ISy = B+ j0; k
S, S, 2 S,
k:j—k

Figure 2. Distflow branch model.

To facilitate the computation of solver, the quadratic form is used to define the voltage
constraints. The safety constraints are as follows:

v < |oi(t)| <7 (15)

In Equation (15), v;(t) is the square of the voltage V; during period t. 7; and v; are the
upper and lower limits of v;, respectively.
The SOP constraints are as follows:

2 2
\/PiSOP(t) QiSOP(t) < Sz'SjOP
pSOP 2 SOP ()2 SSOP
\/]‘ (t) +Q]- (t) < ij

(16)

In Equation (16), SiSjOP represents the capacity of the SOP connected between nodes i
and j.
The energy balance constraint is as follows:

nN
Pgria(t) + Py (t) + Pwr(t) = E Pi1oad + Ploss(t) (17)

i=1

In Equation (17), Pgiq(t) is the power injected into the distribution network by the
main grid during period t. P; 1554 is the load connected to node i. Ppy (t) and Pwr(t) are the
output of the photovoltaic and wind turbine during period t, respectively.
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The constraints of OLTC and CBs are as follows:
nr
Py |Kij(t) — Kjj(t = 1)| < K& (18)
—Kij < Kjj(t) < Kj
NT max
tgl‘Ni(t) - Ni(t - 1)‘ < KCBs (19)

0<Ni(t) <N

In Equations (18) and (19), K% and K& are, respectively, the upper limits of the
number of operations of OLTC and CBs within one day. Kj; is the maximum tap position to
which the OLTC can be adjusted. N is the maximum number of capacitor banks that can
be connected.

4. Solution Algorithm for the Optimization Model
4.1. Solution to Single-Objective Optimization

The optimization problem in this paper is a non-convex problem. However, the
commonly used solvers can only solve convex problems. Therefore, it is necessary to
transform the initial model into a mixed-integer second-order cone programming (MISOCP)
model through linearization and second-order cone relaxation processes.

4.1.1. Second-Order Cone Relaxation

*

. .2
Relax the phase angles of the nonlinear terms Vilij and Z;;|I;;

in the power flow

2
and v; = ’Vi’ , so that only the magnitudes of the variables affect

.2
constraints. Let [;; = LI ij
the optimization problem, while changes in phase angles do not impact the optimization

results. Let [;; > (Pl% + lej) /vj, the second-order cone constraint is finally obtained as

Y Pi(t)— X (PByj(t) —rijl7 (1) = Pi(t)

kjok i3
Y Q)= X (Qu(t) — x17 (1) = Q;(t)
k:j—k 11—] (20)

T
HZPU 2Q1] ll] —0; ) S 11] + [
vj(t) = vi(t) = 2(ryiPy () + x;Qij (1)) + (7 + x3) < L ()

4.1.2. Linearization

There are absolute value terms in the mathematical model of SOP and the objective
function F,. Introduce an auxiliary variable VA" (#) to represent the absolute value variable
|v;(t) — VN|- It is worth noting that only when v;(t) is less than (@)2 or greater than
(m)2 will v;(t) be included in the calculation of the objective function F,. This condition is
reflected in the linearization process below. Introduce two auxiliary variables PA%(t) and
P]«A“X(t) to represent the absolute value variables | PFOF(t)| and ‘Pjsop(t) . After linearizing
Equations (9) and (13), the following equations can, respectively, be obtained:

PSOP(1) = Asop (PA(1) + B(1))
PAuX(f) > PSOP () PA™(t) > PPOP(1)
s.b.q PA(t) > —PSOF (1) ¢ PA™(t) > —PPOP(1)
PAYX(t) >0 PA™() > 0

(21)
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nt nN
AV = Y Y. VAR(})

t=1i=1
——\2
VAS() = i(t) = (Vi) (22)
s.£.Q VAX(1) > —;(t) + (Vi)
ViAux(t) > 0
v; = \Vi|2 is defined in the above text and thus update the mathematical model of

OLTC. The tap position selection of OLTC is k € {0,1,...,2K;;}. A binary variable b;; ()
is introduced to represent the tap position selection situation of the OLTC connecting
nodes i and j during period t. If bj; 1 (t) = 1, then the tap position of the OLTC is k during
period t. There are absolute value terms in the constraints of OLTC and CBs. In the OLTC
model, the change amount of the tap action in every two adjacent periods is divided into a
positive change amount Kl‘; and a negative change amount K. vj(t)bjj i (t) is replaced by
vjj k(t), and thus the updated mathematical model and constraints of OLTC are, respectively,
obtained as follows:

(23)

Ki(1) — Kyt — 1) = K5 () — K (1 B
K;]F(t) >0,K;(t) =0

Similarly, the updated constraints for CBs are obtained as follows [25]:

=1
Ni(itf) —Nj(t—1 ; . (25)

In Equation (25), N; and Ni?’ represent the positive and negative changes in the
number of switched capacitor banks in every two adjacent periods, respectively.

4.2. Solution to Multi-Objective Optimization
4.2.1. Multi-Objective Solution Based on the NNC Algorithm

The multi-objective optimization model for the double-layer siting and sizing of the
flexible interconnected distribution network constructed in this paper can be summarized
as follows:

minF;

minkb
s.t. ha(x) =0

g2(x) <0

(26)

In Equation (26), h,(x) and g, (x) represent the z-th equality constraint and inequality
constraint, respectively. x represents the decision variable in the control model.

Solve the single-objective problem for the objective function F;. The obtained value of
F, is its optimal solution f™™ and the obtained value of F, is its worst-case solution f3"3.
Solve the single-objective problem for the objective function F,. The obtained value of F; is
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its worst-case solution f"@ and the obtained value of F, is its optimal solution f3"". Define

F; as the main objective function and F, as the secondary objective function. Define the
number of Pareto solution sets as N;. The range r; of the second objective function and the
adjustment step size e can be expressed as

r = () — ()

e = fn(x) +1r2/N;, (1 =1,2,...,N)) 27)

The multi-objective optimization model is transformed into the form shown in
Equation (28). [ is taken different values to continuously adjust the step size ¢ of each
segment and record the solution result each time.

min(F (x) —a(sy/12))
B(x)+s2=¢52>0
st.q hy(x) =0 )
gz(x) <0

In Equation (28), « is a very small constant; s; is a slack variable that is always positive.

4.2.2. Solution Set Screening Based on EW-TOPSIS

The EW-TOPSIS is adopted to screen the multi-objective solution set [40,41]. In this
paper, all objective functions are cost-type indicators. The data in the solution set are
normalized as follows:

_ max(fb)ffah — N
Yap = max(fp)—min(f;)” ({1 =1,2,.. .,Nl,b = 1,2)
N, N,

! ! N
ey = _ﬁ Zl ((Yap/ ;1 Yap) In(yap/ ;1 Yab))

a=

(29)

In Equation (30), f,; is the value of the b-th objective function for the a-th solution. y,;
and e; are the normalized objective function values and information entropy, respectively.
The element W,;, of the decision matrix after obtaining the normalized original data is
as follows:

2

N;
Wap = (1 —ep)/ ) (1 —ep)) X (an/ \| }_ ¥2) (30)
a=1

b=1

Calculate the Euclidean distances D" and D, between each decision-making alterna-
tive and the positive and negative ideal solutions, respectively. The relative closeness d,; of
solution a is obtained, which can be expressed as follows. The solution corresponding to
the maximum value of d, is the optimal solution.

D} =
b

_ —\2 _
D, _\/b 1(Wab_wb ) 1Wb :maaxwab

do =D, /(DF +Dy)

(Wap — W;_)ZI W;_ = minWp,
a

(31)

The overall research process of this paper is shown in Figure 3.
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Figure 3. Research flow chart.

5. Results
5.1. Basic Data

The case simulation in this paper is carried out in MATLAB 2023b. In a 64-bit Windows
environment, the Gurobi solver and YALMIP toolbox are used to solve the optimization
model. The classical IEEE 33-node distribution system is taken as an example for validity
analysis. The structure of the IEEE 33-bus system is shown in Figure 4, with rated voltage
of 12.66 kV. The numbers 1 to 33 in Figure 4 represent node serial numbers. The allowable
fluctuation range of the per-unit voltage at each node is [0.95, 1.05]. Wind turbine (WT)
is connected to nodes 27 and 30, and photovoltaic (PV) is connected to nodes 7, 16, and
17. An OLTC is connected between nodes 1 and 2, and CBs are connected to node 33; the
maximum number of operations allowed for both within a day is 4 times. Each capacitor
bank has a capacity of 0.5 MW. SOPs are connected between node s 25 and 29, and between
node s 12 and 22, respectively, with a capacity of 5 MW and a loss coefficient of 0.02. The
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unit cost of line loss is 0.08 $/kWh, and the unit costs of switching losses for OLTC and
CBs are 1.4 $/time and 0.24 $/time, respectively [21].

CBs
31 32 33

10 11 12 13 14 15 16 17 18

19 20 21 22

Figure 4. Structure diagram of IEEE 33-node power distribution system.

5.2. Optimization Results
5.2.1. Implementation Effect of DR Strategy
Based on historical load data, fuzzy clustering is performed on the electrical load

curve to divide it into three periods: peak, valley, and flat. The clustering results are shown
in Figure 5.

Vallge Peak
Time: 1 5 8 6 223 3 4 72419202122 9111215131410161718:00

Figure 5. Clustering division results of peak, flat, and valley periods.

The elasticity coefficient matrix is shown in Table 1. The TOU electricity price is
solved using NSGA-II with the objective functions of minimizing the load variance and
maximizing the comprehensive satisfaction of users after implementing DR. Among them,
the electricity price before the implementation of the DR strategy is 0.11 USD/kWh [42].
The weight of users’ satisfaction with the change in electricity consumption and the weight
of their satisfaction with electricity expenses are both 0.5. The population size is set to 250.
The maximum number of genetic generations is set to 900. It can be seen from Figure 3 that
the clustering results of peak, valley and flat periods. The clustering results of peak, valley
and flat periods and the corresponding time-of-use electricity prices are shown in Table 2.
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Table 1. The elasticity coefficient matrix.

Types of Periods Peak Flat Valley
Peak -0.01 0.03 0.01
Flat 0.03 —0.02 0.01
Valley 0.01 0.01 —0.045
Table 2. Period clustering results and corresponding electricity prices.
Types of Periods Period Electricity Price ($/kWh)
Peak 9:00-18:00 0.14
Flat 19:00-22:00 0.11
1:00-8:00
Valley 23:00-24:00 0.06

The comparison between the load curve after implementing the DR strategy and
that before implementation is shown in Figure 6. Compared with the original load curve,
after the implementation of DR, the load increases during the flat and valley periods,
i.e., 01:00-08:00 and 19:00-24:00; while during the peak period, i.e., 09:00-18:00, the load
decreases. After the implementation of the DR strategy, the variance of load has de-
creased by 23.35%, which proves the effectiveness of the DR strategy in peak shaving and

valley filling.
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Figure 6. Comparison of load before and after the implementation of the DR strategy.

5.2.2. Analysis of Optimization Results

The output of WT and PV is shown in Figure 7. The number of Pareto solution sets is
set to 20. The NNC algorithm is used to solve the multi-objective operation optimization
problem, and the EW-TOPSIS is used to sort and screen the Pareto solution sets according
to their closeness. The sorted Pareto solution sets are shown in Figure 8, where the abscissa
is the daily operation cost and the ordinate is the daily voltage deviation index. The color
scale on the right side of Figure 8 represents the closeness of the schemes to the ideal point.
The closer the color of a scheme is to blue, the lower its closeness to the ideal solution; the
closer the color is to yellow, the higher its closeness to the ideal solution, that is, the more
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ideal the scheme is. The scheme with the highest closeness has been marked with a red
circle in Figure 8.
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Figure 7. Output of PV and WT.
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Figure 8. Pareto solution sets based on the NNC algorithm and solution sets screening based on

the EW-TOPSIS.

The optimized active power transmission of the SOP is shown in Figure 9, where the
power flowing into the SOP is defined as positive. The active power transmission of the
SOP matches the load of the distribution network and the power generated by renewable
energy. Since more DGs are connected to the feeders where Node 12 and Node 29 are
located, while no DGs are connected to the feeders where Node 22 and Node 25 are located,
the power flow of the SOP throughout the day is basically reflected as flowing from Node
12 to Node 22 and from Node 29 to Node 25. From 23:00 to 05:00 the next day, only WT
generates power, and there is no PV output. The active power transmission trends of the
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two SOPs are similar. Due to the small load fluctuation during this period, the change trend
of the transmission power of the SOP is similar to that of the WT output.

==&=-SOP1-22 ==-8--=-SOP2-25

5000 1
) Aag
noFoy
= 4000 2\ vil \
= [} \
5] 4 w\ ’ [}
z | ¢I|| W N
& 3000 il i M \
R &
S 2000 f [\ \ X
< A ! : \ (A,
3 gy @e® \ PEg & |
£ 1000 F & )i \ w8,
g é A [}
@ 31 W
< \/
i of M
-1000 . : : :
0 6 12 18 24:00
Time

Figure 9. Active power transmitted by SOPs.

From 06:00 to 08:00, the load is relatively small, with an average of only about 3071 kW.
During this period, the output power of DGs increased by 92.36%, equivalent to 6350 kW.
Therefore, the transmission powers of SOP1 and SOP2 increased by approximately 2597 kW
and 2212 kW, respectively, during this period. During this period, the increase in output of
DGs is mainly due to the increase in PV output. The growth in PV output power accounts for
92.12% of the total growth in DG output power. Since more PVs are connected to the feeder
where Node 12 is located than to that where Node 29 is located, the increase amplitude
of active power transmitted by SOP1 is larger than that by SOP2. From 08:00 to 09:00, the
load increased sharply from 2737 kW to 16072 kW, representing a rise of approximately
487.21%. During this period, the PV generation power increased by 2700 kW, while the WT
generation power decreased by 2500 kW. The increment of the total generation power of
DGs is far less than that of the load and thus insufficient to meet the high load demand,
leading to a decrease in the transmission power of SOPs. In the case of a sudden load surge,
when the PV output increases and the WT output decreases, the transmission power of
SOP1, whose feeder relates to more PVs, is higher than that of SOP2. From 09:00 to 13:00, the
load was relatively stable, while the output power of DGs increased by 5025 kW. Therefore,
during this period, the active power transmitted by SOPs increased: the output power of
SOP1 increased by 1858 kW, and that of SOP2 increased by 939 kW. From 13:00 to 18:00, the
load increased by 2011 kW. During this period, the PV output decreased by 12600 kW, while
the WT output power only increased by 3750 kW, resulting in a drop in the generation
power of DGs. Consequently, the active power transmitted by the two SOPs also decreased.
Specifically, the transmission power of SOP2 decreased by 673 kW, while that of SOP1
dropped more significantly, reaching 4799 kW. This is because the feeder connected to
SOP1 has a larger number of PV installations than the one connected to SOP2. From 18:00 to
19:00, the PV output power dropped to 0, and the WT output power decreased by 1250 kW.
During this period, the load fell sharply by 10,406 kW. Therefore, the transmission power
of the two SOPs both increased. From 19:00 to 22:00, the average output power of WT was
7312 kW, while the average load stood at 6837 kW. Therefore, the transmission power of
the two SOPs mainly showed an upward trend. The optimized reactive power transmission
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of the SOPs is shown in Figure 10. The reactive power transmission of the SOPs changes
with the change of user electrical load, and the two trends are basically consistent.
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Figure 10. Reactive power transmitted by SOPs.

The per-unit values of voltages at each node in the distribution network throughout
the day are shown in Figure 11. Among the data of 24 time periods for the 33-node system,
the maximum value of the voltage per unit is 1.05, and the minimum value is 0.95. A total
of 96% of the per-unit values of voltages are within the range of [0.96 p.u., 1.04 p.u.], which
meets the requirements for safe and reliable operation of the system, thus proving the
effectiveness of the method proposed in this paper.

Voltage(p.u.):
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Figure 11. The per-unit values of voltages at each node throughout the day.

5.3. Comparison Between Multi-Objective and Single-Objective Optimization

The multi-objective optimization results are compared with the single-objective op-
timization results, and the comparison results are shown in Table 3. Compared with
the single-objective optimization that only considers minimizing the operation cost, the
multi-objective optimization that comprehensively considers minimizing the operation cost
and minimizing the voltage deviation reduces the voltage deviation by 34.32%, while the
operation cost only increases by 3.17%. Compared with the single-objective optimization
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that only considers minimizing the voltage deviation, the multi-objective optimization
reduces the operation cost by 17.94%, while the voltage deviation only increases by 11.30%.
This paper realizes the trade-off between the two conflicting indicators of voltage deviation
degree and operation cost through multi-objective optimization. The comparison between
the results of multi-objective and single-objective optimization proves the effectiveness of
the multi-objective optimization method proposed.

Table 3. Comparison results between multi-objective and single-objective optimization.

. . Operating Cost Voltage Deviations
Objective Function (USD/Day) (p-u)
Considering the minimization of operating cost and voltage deviation 1261.67 0.0168
Considering only the minimization of operating cost 1221.21 0.0227
Considering only the minimization of voltage deviation 1488.78 0.0149

5.4. Comparison of Optimization Results Under Different Scheme

To verify the effectiveness of the proposed method, two additional schemes are put
forward for comparative analysis with the scheme proposed in this paper. The specific
schemes are as follows:

e  Scheme 1: After implementing the DR strategy, the SOP operates in coordination with
CBs and OLTC, which is the scheme proposed in this paper.

e  Scheme 2: Without implementing the DR strategy, the SOP operates in coordination
with CBs and OLTC.

e  Scheme 3: After implementing the DR strategy, only the operation of CBs and OLTC
is considered.

The daily operation cost of the distribution network under the three schemes is shown
in Figure 12. The daily voltage of Node 12 in the distribution network under the three
schemes is shown in Figure 13. In the case where SOPs are connected to operate in
coordination with traditional control equipment, Scheme 2 only considers the optimization
of the load supply side without taking into account the optimization of the load demand
side. Therefore, compared with Scheme 1, the load fluctuation in Scheme 2 is greater,
resulting in higher operation cost in Scheme 2. The voltage fluctuation trend and amplitude
of Node 12 in Scheme 1 and Scheme 2 are similar.
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Figure 12. Comparison of daily operating costs among the three schemes.
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Figure 13. Comparison of Node 12 voltage within one day among the three schemes.

In the case where both the load supply and demand sides are optimized, the operation
cost of Scheme 3 is higher than that of Scheme 1 in each time period. Especially when the
DG output is large, the operation cost of Scheme 3 is much higher than that of Scheme 1. In
addition, the voltage of Scheme 3 is greatly affected by the fluctuation of DG output. From
18:00 to 19:00, the load is large while the DG output is small, and the voltage of Scheme 3
drops significantly. From 11:00 to 14:00, the DG output is higher than the load demand, and
the voltage of Scheme 3 increases significantly, with voltage over-limit occurring from 12:00
to 14:00. It can be proved that the SOP can alleviate the problem of increased operation
costs caused by DG integration.

The daily operation cost and average node voltage deviation of the distribution
network of the three schemes are shown in Table 4. Compared with the scheme proposed
in this paper, the non-implementation of the DR strategy results in an increase in operation
cost by 13.83% and an increase in voltage deviation by 4.14%. Compared with the scheme
proposed in this paper, the non-integration of SOPs leads to an increase in operation cost
by 182.40% and an increase in voltage deviation by 113.02%.

Table 4. Comparison of results of the three schemes.

Scheme Operating Cost ($/Day) Voltage Deviations (p.u.)
Scheme 1 1261.67 0.0168
Scheme 2 1436.00 0.0176
Scheme 3 3572.70 0.0360

5.5. Model Validation Based on Alternative Parameters

The peak-shaving and valley-filling effect of the alternative load according to the
strategy proposed in this paper is illustrated in Figure 14. With the proposed TOU pricing
strategy, the load variance has decreased by 25.27%. Based on the alternative data of DG
output shown in Figure 15, the multi-objective Pareto solution set is obtained, as shown in
Figure 16. The scheme selected based on EW-TOPSIS is marked with red circles in Figure 16.
Among the voltage values of 33 nodes during 24 periods, a 96.84% fall within the range of
[0.96, 1.04].
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Figure 14. Comparison of alternative load before and after the implementation of the DR strategy.
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The daily operation cost and average node voltage deviation of the three schemes
based on the alternative parameters are shown in Table 5. Comparing Scheme 1 with the
scheme proposed in this paper, Scheme 2 with non-implementation of the DR strategy
results in an increase in operation cost by 10.16% and an increase in voltage deviation by
3.75%. Comparing Scheme 1 with the scheme proposed in this paper, Scheme 3 with the
non-integration of SOPs leads to an increase in operation cost by 113.77% and an increase
in voltage deviation by 63.75%.

Table 5. Comparison of results of the three schemes based on the alternative parameters.

Scheme Operating Cost ($/Day) Voltage Deviations (p.u.)
Scheme 1 1059.31 0.0160
Scheme 2 1166.96 0.0166
Scheme 3 2264.52 0.0262

5.6. Research Limitations and Applicable Scenarios

In this paper, the daily load is divided into three time periods, which are peak, flat,
and valley. It is only applicable to the specific load curve in the paper and lacks universality.
Regions with high load density require refinement into five time periods, which are critical
peak, peak, flat, valley, and deep valley, while regions with mild load fluctuations only
need two time periods, which are peak and valley. Meanwhile, the peak shaving and valley
filling based on the TOU pricing strategy must be implemented in regions dominated by
transferable loads as a prerequisite, and it is difficult to achieve results in regions where
rigid loads are predominant. Although the main influencing factors have been incorporated
into the mathematical modeling of devices, some actual operational constraints such as
heat accumulation constraint of CBs and response time constraint of OLTC have not been
fully considered for the sake of model simplification. The model will be further refined in
future studies.

If the power supply from distributed generators (DGs) on one feeder is far greater
than the feeder’s load demand, while the power supply from DGs on another feeder is
insufficient to meet its load demand, the soft open point (SOP) can be used to achieve
flexible interconnection between the two feeders. This helps improve the economy and
stability of the distribution network. In addition, the collaborative optimization model
relies on the characteristics of radial networks and cannot be directly applied to multi-ring
network structures.

6. Conclusions

To address the issues of voltage instability and increased network loss caused by load
and DG output fluctuations in ADNSs, as well as the challenge of delayed response from
traditional control equipment, this paper proposes a multi-objective operation optimization
method for the collaboration between traditional control equipment and SOPs based
on the DR strategy. TOU price periods are divided using the fuzzy transitive closure
method, and TOU prices are formulated in combination with the NSGA-II algorithm. The
NNC algorithm and EW-TOPSIS are employed to solve and screen the multi-objective
optimization model for collaborative operation. The advantages of the strategy with
collaborative optimization of both load supply and demand sides proposed in this paper
are as follows: (1) it achieves peak shaving and valley filling of loads through DR strategy;
(2) it combines the continuous equipment SOP with discrete traditional equipment for
regulation, improving the accuracy of power flow and voltage control; (3) multi-objective
optimization realizes the optimal trade-off between operation cost and voltage stability.
Based on two sets of load data and DG output data, simulation verification is conducted
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objective optimization, multi-objective optimization reduces voltage deviation by 34.32%
while increasing operation cost by only 3.17%; and both the integration of SOPs and the
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