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As the distributed generators (DGs) are connected to active distribution network (ADN), it strengthens the communication
interest between the customs and DGs and can facilitate energy integration. Tis article proposes hybrid pricing for DG
confguration by taking advantage of fxed pricing and dynamic pricing. Te time sequence scenario of wind-photovoltaic-load
power can be got by k-means, which can balance the calculation burden with multiple scenarios.Te planning model is built as the
optimal objective for minimal investment in operation and maintenance of DGs, reduction of network loss, and decrease of
voltage deviation. An improved simulated annealing particle swarm optimization algorithm is also proposed by refning the
initialized population based on the niche ftness, introducing inertia weight with chaotic disturbance and accelerating local search
with learning factor of dynamic parameter. Te efectiveness and rationality of the proposed methodology are verifed by
simulation in the IEEE 69-bus system.

1. Introduction

In recent years, renewable energy has been rapidly de-
veloped. Based on realization of rational energy allocation
prospect and reduction of main pollutants emission, it is
expected that the installed share of renewable energy will
reach 38% in 2030 and 70% in 2050. Accordingly, the in-
stalled wind and photovoltaic power capacities will reach
1.44 billion kW and 2.16 billion kW, respectively [1]. At
present, development of both centralized and decentralized
renewable energy is equally important, though development
of decentralized and distributed renewable energy has been
encouraged frst. Continuous transformation and con-
struction of the distribution network improve coverage of
distribution automation and enhance the acceptance ca-
pacity of distributed clean energy of the power grid [2].

Active distribution network (ADN) [3] is fexible and
controllable. It can improve utilization rate of green energy
and carry out centralized management. ADN is compatible
with large-scale and multi-form distributed power sources,
changes the primary energy structure [4, 5], and copes with

uncontrollability, randomness, and volatility caused by
distributed power sources. Terefore, it is particularly im-
portant to formulate planning scheme of active distribution
network to deal with various situations and ft the reality.

Te operation stochastic characteristics of each com-
ponent in the active distribution network result in planning
uncertainty. Te planning scheme with consideration of
uncertainty is more adaptable to the changes of future
scenarios [6, 7]. Te uncertainty factor is the difculty in
handling the planning scheme design. A planning scheme
that deals with the uncertainty factor well is more suitable for
the reality. Tang et al. [8] established a MEGA (micro energy
grid aggregator) shaping potential range evaluation model to
solve the uncertainty of source load.

At present, the mathematical analysis method based on
the probability model or scene analysis method is mainly
used to consider uncertainty. Probabilistic models are highly
accurate in some modeling objects, but they are poor at
multiple time scales. Scene analysis is more advantageous in
time-dependent simulation, but the simulation efect de-
pends on the number of scenes.
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Huppertz et al. [9] took full advantage of the precision of
probabilistic models, building probability models from
cross-sectional data for specifc points in time which are
processed by probabilistic load fow along the time axis,
creating highly diverse household load profles.

Sannigrahi et al. [10] proposed multi-scenario active
distribution network planning under uncertain environ-
ment based on economy, technology, and green energy
perspectives. Te probabilistic model was utilized to sim-
ulate variation of wind speed and light intensity, and the
clustering method was employed to establish the scene.
However, since wind, light, and time were closely related,
this method could result in non-obvious diferences between
the established scenes. Te method of typical days in four
seasons was utilized in [11, 12] to analyze and calculate the
scenery temporal output. Although the scenario analysis
method of selecting typical days could signifcantly improve
the calculation speed, the number of selected scenarios was
too brief. Using this method, the scene is prone to lack of
diversity, and the adaptability of the scheme to future
changes is poor. Accordingly, the scheme of selecting typical
days was generally applied to the area with little environ-
mental change, which was greatly afected by local condi-
tions and was not a universal method. Te Monte Carlo
sampling method was used in [13, 14] to sample wind speed
and light intensity. It was combined with the k-means
method to generate typical wind and light output scenes.
Although there was certain diversity in the established
multiple scenes, the number of scene clusters was selected
based on experience. Terefore, missing scene diversity due
to improper selection of cluster number was still a problem.

Diferent from the traditional net-load relationship, the
high degree of user interaction is one of the prominent
characteristics of active distribution network. Demand re-
sponse (DR) is generated along with electricity consumption
behavior of users, which is divided into incentive DR and
price DR. Users can change their power consumption be-
havior by responding to incentive mechanisms or price
signals, which can efectively enhance energy consumption.
Active distribution network can make use of this advantage
to efectively deal with the energy consumption problem
caused by the high proportion of new energy access. In [15],
the incentive-based DR was directly added into the opti-
mization model for consumption of new energy. Liu et al.
[16] suggested that conventional incentive DR lacks selec-
tivity and proposed the stepped DR incentive mechanism to
encourage users to participate in DR so as to better carry out
peak cutting and valley flling.

Although incentive DR is easier to realize than price-type
DR, price-type DR can regulate the load on a large scale,
leading to participation ofmore users and achievement ofmore
advantages in energy consumption promotion. Among various
price-type DRs, the DR based on TOU price has been widely
used (both fxed and dynamic TOU prices). Yang et al. [17]
established a quotationmechanism of incentive electricity price
to achieve more fexible and accurate DR.

Ren et al. [18] adopted the price-type demand response
based on fxed TOU price to establish a model refecting the
relationship between TOU price and user demand. Te fxed

TOU price can help the system to cut the peak and fll the
valley. However, if only fxed TOUprice is adopted to deal with
the access of distributed new energy, an excess energy situation
can occur at a certain time, resulting in the increase of circuit
voltage exceedance and serious network loss. Te supply and
demand relationship between short-termwind-power output
and load was analyzed in [19], and the dynamic TOU price
mechanism was addressed. Te dynamic TOU price can fully
realize coordination of wind-power supply timing output in
order to promote energy consumption. However, there may be
unreasonable electricity price when it is applied to long-term
ADN planning.

In this paper, a multi-objective programming model is
established to minimize the investment operation of dis-
tributed power supply, reduce network loss and voltage
ofset, and reasonably locate and determine the capacity of
distributed power supply. Te main research of this paper is
as follows:

(1) Te planning scheme adopts the scenario analysis
method to simulate the output of wind power and
photovoltaic power using the measured data. Con-
sidering the contradiction between scene diversity
and calculation burden, the k-means clustering
method including Davies–Bouldin index is applied.
It is compared with the scene generated by proba-
bility model simulation and Latin hypercube sam-
pling to verify its superiority.

(2) Te price-type demand response based on hybrid
fxed and dynamic TOU prices is proposed to ad-
dress limitation of the two TOU prices efectively.

(3) Te modifed simulated annealing particle swarm
optimization algorithm is used to solve the model.
Te initial population of the niche ftness algorithm
is introduced to enhance the calculation speed.
Furthermore, the inertia weight and dynamic pa-
rameters are added to improve the local optimization
ability of the algorithm.

Te IEEE 69-node system is simulated for verifcation
purpose. Te planning scheme in this paper is compared
with those based on fxed TOU price and probability model
generation scenario to verify superiority of the model.
Particle swarm optimization (PSO), simulated annealing
particle swarm optimization (SAPSO), and improved sim-
ulated annealing particle swarm optimization (ISAPSO)
algorithms based on the niche ftness are employed to solve
the model. Te rationality of the improved algorithm is
verifed by comparing the ftness, convergence, and
calculation speed.

2. ADN Mathematical Model

2.1. Output Model of Distributed Generators. Te wind
turbine generator (WTG) and photovoltaic generator (PVG)
are greatly afected by the natural environment, such that the
active power output is volatile and stochastic. Te re-
lationship between wind speed, light radiation, and active
power output of generator is commonly expressed as
equations (1) and (2) in engineering community [20, 21]:
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pwtg �

0,

prate
v − vi

vr − vi

,

prate,

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

0≤ v< vi, v> vo,

vi ≤ v< vr,

vr ≤ v≤ vo,

(1)

where vi and vo represent the cut-in and cut-out wind
speeds, respectively, vr denotes rated wind speed, and prate
indicates rated active power of wind turbine.

ppvg �

prate
I

Ir

,

prate,

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

I≤ Ir,

I> Ir,
(2)

where Ir and prate represent rated light intensity and rated
active power of the PV unit, respectively.

2.2. Price-Type Demand Response Model Based on TOU Price

2.2.1. Fixed TOU Price Model. As a special commodity,
electric energy has the commodity commonality that price
and demand are inversely proportional [22]. In economics,
the ratio of load transfer rate to price transfer rate in a certain
period is used to express the elasticity coefcient, nij, as
follows:

ηij �
λL(i)

λp(j)
,

λL(i) �
L(i) − L0(i)

L0(i)
,

λp(j) �
p(j) − p0(j)

p0(j)
,

(3)

where λL(i) represents the load transfer rate at time i, λp(j)

denotes the price transfer rate at time j, L0 and p0 are the
load quantity and electricity price without considering the
demand response, and L and P are the load quantity and
electricity price considering the demand response, re-
spectively. After calculation of the elastic coefcient, the
elastic coefcient matrix Q can be formed according to the
time period division, as follows:

Q �

η11 . . . η1j

⋮ ⋱ ⋮

ηi1 · · · ηij

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠. (4)

When i � j, nij is the autoelasticity coefcient, which is
usually negative and indicates that with growth of electricity
price, the user demand decreases. When i≠ j, nij is the cross-
elasticity coefcient, indicating that with decrease of the
electricity price at time j, the user transfers part of the load
from time i to time j.

After computation of the elastic matrix, Q, the load
transformation can be obtained based on consideration of
the demand response, as given in the following equation:

L(1)

⋮

L(m)

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ �

L0(1)

⋮

L0(m)

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ +

L0(1) · · · 0

⋮ ⋱ ⋮

0 · · · L0(m)

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦Q

λp(1)

⋮

λp(m)

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
. (5)

2.2.2. Dynamic TOU Price Model. Dynamic TOU price adds
an interaction link to load on the basis of fxed TOU price. It
changes the electricity price at each moment using equation
(6) and then modifes the matrix Q to obtain the response
load. Zhang et al. [19] used the net load to refect the supply-
demand relationship. In order to formulate the distributions
of peak, valley, and fat price, the present paper takes 1 h as
the interval to divide the step length and considers the ratio
of net load at each moment to the maximum and minimum
values in the same scene as the division basis. Accordingly,
the following formula is adopted:

k(t) �

kt,
F(t) − aPw(t) + bPp(t) 

max F(t) − aPw(t) + bPp(t)  
> k

t
,

kf,

kl,
F(t) − aPw(t) + bPp(t) 

min F(t) − aPw(t) + bPp(t)  
< k

l
,

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

(6)

where kt and kl are the peak hour and valley hour of
electricity price, respectively, Pw(t) and Pp(t) represent the
outputs of wind power and photovoltaic power at the
moment t, respectively, F(t) denotes the total load of all
nodes in the distribution network at the current time, a and
b represent the installed number of wind and photovoltaic
power units, respectively, and kt and kl are the thresholds for
the division of peak and valley time, respectively.

Te main scheme of this paper is based on the price-type
demand response with hybrid fxed and dynamic TOU
prices. Accordingly, the fxed TOU price is used in the
scenario in which distributed power supply output is very
poor or even there is no output, and the dynamic TOU price
is used in the scenario in which distributed power supply
output is good. Tis avoids the situation that the dynamic
TOU price is adopted in the whole scenario leading to
unreasonable price.

3. ADN Programming Model

Te location and capacity of distributed power supply are
taken as control variables. Te confguration scheme of
optimal distributed power supply is established based on
economy and environmental protection perspectives.

3.1. Objective Function. Te objective function includes two
parts, namely, the investment and installation cost of dis-
tributed power supply and the system operation cost. Te
system operation cost itself consists of two parts: cost and
cost savings. Te goal is to minimize the total cost of both of
them, as follows:
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minF � a1Finv + a2Fop( ,

Fop � Fprofit + Fcost,
(7)

where a1 + a2 � 1 and a1 � a2 consider the same weight for
investment and system operation costs and Fcost and Fprofit
are the system operation cost and cost savings after
implementation of the scheme, respectively.

3.1.1. Investment Cost of Distributed Generators. Finv can be
calculated as follows:

Finv �
d(1 + d)

n

(1 + d)
n

− 1


i∈NDG

cDGnDGprate, (8)

where d is the discount rate, n is the service life of distributed
power supply, NDG is the set of network nodes, cDG is the
unit investment price of distributed power supply, and nDG

indicates the number of installed distributed power supplies.

3.1.2. System Operation Cost. Te system operation cost
consists of four parts, namely, the operation and mainte-
nance cost of distributed power supply, the power purchase
cost of main network, the voltage overlimit penalty cost, and
the demand response implementation cost, as follows:

Fcost � Cope + Cmpur + Cvde v + Cdr. (9)

Te calculation method of each part is as follows.

(1) Operation and maintenance cost of distributed
generators:

Cope �
365
S



S

s�1


T

t�1
copnDGpDG.s.t, (10)

where s indicates the number of scenarios, cop is unit
operation andmaintenance cost of distributed power
supply, and pDG.s.t is the active power output of
distributed power supply.

(2) Power purchase cost of the main network:

Cmpur �
365
S



S

s�1


T

t�1
cpu pload.s.t + ploss.s.t − nDGpDG.s.t( ,

(11)

where cpu is the cost of electricity purchase from the
main network, pload is the load demand, and ploss is
the network loss.

(3) Penalty cost of voltage exceedance:

Cvde v �
365
S



S

s�1


T

t�1


NDG

i�1
cvde v∆Ui.s.t,

∆U �

Ui − Ut,

0,

Ul − Ui,

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

Ui >Ut,

Ul <Ui <Ut

Ui <Ul,

,

(12)

where cvde v is the penalty cost per unit voltage
exceedance, ∆U is the voltage overlimit degree, and
Ut and Ul are the upper and lower voltage limits,
respectively.

(4) Demand response implementation cost:

Cdr �
365
S



S

s�1


T

t�1
k(t)pload.s.t − Kp

′
load.s.t, (13)

where k(t) is TOU price, K is the original electricity
price, and pload.s.t

′ is the load demand before
implementation of TOU price.

3.1.3. System Operation Revenue. System operation revenue
includes two parts, namely, network loss reduction cost
savings and environmental protection cost savings:

Fprofit � −Crloss − Cep. (14)

Tese two parts can be calculated as follows.

(1) Network loss reduction cost savings:

Crloss �
365
S



S

s�1


T

t�1
crloss ploss.s.t

′ − ploss.s.t( , (15)

where closs is the unit net loss reduction income and
ploss
′ is the network loss before connection of dis-

tributed power supply.
(2) Environmental cost savings:

Cep �
365
S



S

s�1


T

t�1
αiβinDGpDG.s.t, (16)

where αi and βi are the emission coefcient and
treatment cost of the ith pollutant.

3.2. Constraints. Te access of distributed power supply is
constrained by safe operation of the system, which can be
categorized into equality and inequality constraints, as
follows

(1) Equality Constraint. Te power balance equation
should be satisfed for either the nodes connected to
distributed power supply or other nodes, as follows:

PGi − PLi − Ui 
j∈k

Uj Gij cos θij + Bij sin θij  � 0,

QGi − QLi − Ui 
j∈k

Uj Gij sin θij − Bij cos θij  � 0,

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(17)

where PGi and QGi are the active and reactive powers
of the ith node, PLi and QLi are the active and reactive
power loads of the ith node, respectively, Ui is the
voltage of the ith node, and Gij, Bij, and θij are the
conductance, susceptance, and phase angle difer-
ence between nodes i and j, respectively.
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(2) Inequality Constraints. Tere are three inequality
constraints, as follows.

(a) Node voltage constraints:

U
min
i ≤Ui ≤U

max
i , (18)

where Umin
i and Umax

i represent the lower and
upper limits of voltage at the ith node,
respectively.

(b) Branch power constraints of the system:

Sij ≤ Sij,max , (19)

where Sij,max is the maximum apparent power
allowed by the branch.

(c) Constraints on the number of distributed gen-
erators to be installed:

n
WTG
i.s.t ≤N

WTG
i ,

n
PVG
i.s.t ≤N

PVG
i ,

⎧⎨

⎩ (20)

where NWTG
i and NPVG

i represent the maximum
number of installed wind turbines and photo-
voltaic units, respectively.

4. Scene Generation and Model Solution

4.1. Generation of Wind-Photovoltaic-Load Timing Sequence
Scenario. In order to make the planning scheme as close as
possible to the reality, the required scenarios for the analysis
in the scheme should be diversifed, and a large variety of
possible working conditions should be presented. A large
number of local actual wind speed and illumination data are
considered the frst choice for scene generation. Existence of
numerous scenes results in dimensional disaster in the al-
gorithm, while blind reduction of scenes considering the
computational burden may lose scene diversity.

Te k-means clustering algorithm can be divided into
diferent categories according to samples’ characteristics.
Samples of the same category have good similarity, while
samples of diferent kinds are characterized by greater
diference. Moreover, k-means clustering algorithm has the
advantages of simplicity, efectiveness, and high efciency,
which can alleviate the computational cost [23]. At the same
time, the cluster validity index of Davies and Bouldin (IDB)
is introduced as the basis for the number of scene clusters in
the k-means clustering algorithm. Tis can avoid the lack of
scene diversity caused by subjective selection of the cluster
center number. Te relation between Euclidean distance of
diferent cluster centers and the degree of separation in-
dicates that the Davis Bolding index determines the best
number of clusters leading to generation of diverse and
representative scenes [24]. Te procedure of cluster gen-
eration scenario is presented in Figure 1.

4.2. Improved Simulated Annealing Particle Swarm Optimi-
zation Algorithm. Te traditional particle swarm optimi-
zation (PSO) algorithm starts with random solution and
searches for the optimal solution through continuous

iteration.Tis is performed by pursuit of the optimal value of
the current search to fnd the global optimal solution.
Completely random movement of the particles without
a clear purpose may cause failure in fnding the global
optimal position. In such condition, the algorithm chooses
the same position to be replaced with the current optimal
position without any change, leading to a local optimum.

By integration with simulated annealing algorithm, the
local search ability of traditional PSO algorithm is improved.
Simulated annealing algorithm can control the temperature
and accept relatively poor solutions under a certain prob-
ability. It can search for the optimal position in the region
repeatedly. In the SAPSO algorithm, the speed and position
are updated as follows:

V
k+1
i � ωV

k
i + c1rand pbest − X

k
i  + c2rand gbest − X

k
i ,

X
k+1
i � X

k
i + V

k+1
i ,

⎧⎪⎪⎨

⎪⎪⎩

c1 � cmax +
cmin − cmax( 

T
,

c2 � cmax +
cmin − cmax( 

T
,

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

e
− fp(i)− fgbest( /T


N
i�1 − fp(i) − fgbest /T

,

(21)

where Vk
i and Xk

i are the velocity and position of the ith
particle at the kth iteration, respectively, c1 and c2 are
learning factors, ω represents inertia weight, pbest is the
individual optimal solution of the traditional PSO algorithm,
pbbest is the optimal solution of SAPSO algorithm, and gbest
is the global optimal solution. Equation (22) is used to select
pbbest based on the neighborhood search principle, where
fp(i) and fgbest are ftness of the i

th individual and ftness of
the global best position, respectively, and T is the current
temperature.

Although the SAPSO algorithm improves the local
search ability of PSO algorithm, it weakens the advantages of
PSO algorithm at the same time. Regarding partial limita-
tions of the algorithm, the following improvements are
made.

(1) Optimization of the initial population based on niche
ftness: SAPSO is slower in convergence than PSO.
Excellent local search mechanism of the simulated
annealing algorithm also reduces computational
speed of the whole algorithm. In the niche ftness
optimization, each generation of individuals is
classifed and some representative individuals with
good ftness are selected as elite population. Te next
generation of operation is produced on the basis of
this elite group. At the same time, the preselection
and sharing mechanisms are applied to maintain the
diversity of population and obtain a better initial
population [25, 26]. It can not only improve the
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convergence speed but also efectively avoid the
blind search of particles and enhance the calculation
speed. Te niche ftness is expressed as follows:

Fi �
1


Njy

j�1 fjy dij 
j � 1, 2, 3, · · · , Njy, (22)

fjy dij  �
1 −

dij

δshare

 

α

0,

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

0<dij < δshare,
dij > δshare,

(23)

where Fi is niche ftness, fjy(dij) is the shared ftness
function of individuals i and j, Njy is the number of
particles in elite set, dij is the Euclidean distance
between diferent individuals, α is the shape pa-
rameter, and δshare is the shared distance.

(2) Improvement of inertia weight and learning factor:
Te SAPSO algorithm may fail to fnd the global
optimum in a limited number of iterations due to the
mechanism of fnding the local optimum. Terefore,
the speed update formula of PSO is modifed to
further improve the local search capability and

quickly fnd the optimal solution. Te inertia weight
in the formula represents ability of the ofspring to
inherit velocity of the previous generation. Te large
inertia value is suitable for global search, while its
small value is appropriate for local search. Te
present paper adopts inertia weight with chaotic
disturbance [27, 28] with the following setting:

ω(t) �
ωmax − ωmax − ωmin( S(t) + ωc

ωmax − ωmax − ωmin( S(t)

⎧⎪⎨

⎪⎩

δ2


≤ ε,

δ2


> ε,

ci+1 � 4ci 1 − ci( ,

δ2 �
1
N



N

i

f ti(  − f

f
 ,

f � max 1, f ti − f 


 ,

(24)

where S(t) is the sigmoid function, which is sensitive
to subtle changes and can be used to control

Start

Input the data of wind speed and light, set the number of 
clusters K in Davis Bolding index, and the number of iterations 

t=1

k=k+1

Using the k‐means algorithm, the IDB
index of K and k‐1 is calculated

simultaneously

The one with the smallest IDB value is chosen
as K as the number of clustering scenarios

t≥ N?

t=t+1

No

The number of class clusters K
with the smallest IDB index is

output

The clustering algorithm is carried out
to classify multiple scenes into their

nearest clustering center

Update the cluster
center

Judge convergence

No

Yes

Output the clustering
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Figure 1: Generation of scenarios based on k-means with IDB.
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variation of inertia weight, ϖ represents the mean
value of the maximum and minimum inertia weight,
c denotes the chaotic disturbance represented by the
logistic mapping model, which can slightly change
the inertia weight, afect the subsequent orbit, and
efectively prevent falling into local minimum, δ2 is
population ftness variance, f(ti) is ftness of the i

th

particle, and f is the mean of particle ftness in the
current particle swarm.

Te learning factor in the velocity update formula of PSO
represents the ability of particles to accumulate and learn
from excellent individuals in the group, which can cause
faster movement of particles to proximity of the best point in
the group or the feld. In this paper, dynamic parameters are
adopted to strengthen the adaptive ability of learning factors,
as follows:

c1 � cmax +
cmin − cmax( t

T
,

c2 � cmin +
cmin − cmax( t

T
,

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(25)

where cmin and cmax are the minimum and maximum values
of learning factors, t is the current iteration number, and T is
the maximum number of iterations.

Te computational process fow of the improved sim-
ulated annealing particle swarm optimization algorithm is
presented in Figure 2.

5. Experiment Analyses

Te IEEE 69-node distribution system with actual mea-
sured data is taken as the research experiment. Its topology
is shown in Figure 3. Te reference power and voltage of
the system are 10MVA and 10 kV, respectively. Te
change of load trend with scenario reduction is illustrated
in Figure 4.

In the node system, all except one node is residential
load, and distributed power supply can be installed in all
other 2–69 nodes.TeWTG unit capacity is 200 kW, and the
rated, inlet, and outlet wind speeds are 14m/s, 4.5m/s, and
28m/s. Te unit investment cost is 8000 yuan/set, the upper
limit for each node is set to 6 sets, and the operation and
maintenance cost is 0.25 yuan/kWh. In the case of PVG unit,
the capacity is 100 kW, rated radiation is 500W/m2, unit
investment cost is 6000 yuan/unit, installation limit of each
node is set to 8 units, and operation and maintenance cost is
0.2 yuan/kWh. Tese two distributed power supplies have
20-year lifespan and 10% discount rate. Te unit cost of
power purchase for the main network is 0.4 yuan/kWh, and
the loss reduction beneft is 0.5 yuan/kWh. Emission factors
of NOx, CO2, and SO2 emission factor are 1.6 g/kWh, 889 g/
kWh, and 1.8 g/kWh, and the respective treatment costs are
62.964 yuan/kg, 0.21 yuan/kg, and 14.842 yuan/kg. Te
upper and lower limits of node voltage are 1.1 p.u and
0.9 p.u, respectively.

In terms of demand response, when the fxed TOU price
is adopted, the price variations are given in Table 1.

According to the historical load data and electricity price
information, the elasticity price coefcient of the region is
presented in Table 2.

In terms of the modifed simulated annealing PSO al-
gorithm based on the niche ftness, the number of pop-
ulation particles and the maximum number of iterations are
set to 20 and 60, respectively. Furthermore, the annealing
constant is 0.9, the maximum and minimum inertia weights
for the velocity update formula are 0.9 and 0.4, and the
maximum and minimum learning factors are 2.5 and 0.5,
respectively.

5.1. Results

5.1.1. Comparison of Generated Scenarios. Considering the
balance between scene diversity and calculation cost, the
number of clusters is defned in the range of [10, 50]. In
Figure 5, the scene is divided into 24 categories and the Davis
Bolding index is the smallest. So, it is reasonable to select the
cluster scene as 24 for this group of data.

Regarding comparison of the scene diversity,
Figures 6(a) and 6(c) illustrate the Weibull and beta dis-
tributions, obtained from statistical data of wind speed and
light intensity, respectively. Te output is then simulated by
Latin hypercube sampling. Figures 6(b) and 6(d) present the
output scenes generated by clustering of actual wind speed
and light radiance at each moment. Te wind speed and
optical radiation data used are shown in Figure 7. Te wind
turbine cannot reach the maximum power, which is about
150 kW.

In comparison with the scenario obtained by the
probability model, in the scenario based on the actual wind
speed simulation, the wind turbines’ output mostly increases
from noon to the highest value in the evening. Tere are also
particular scenarios in which no power is generated in
a windless day, or signifcant power is generated in an
entirely windy day.

In terms of PV unit output and in comparison with the
probabilistic model scenario, in the scenario obtained by the
actual luminous radiance simulation, the PV unit can reach
the full output at noon lasting for a period of time. Tere are
also scenarios with oscillating output caused by cloudy
weather and poor output on the cloudy days.

Comparison of the results indicates that the scene
generated by the k-means clustering method including IDB
on the actual wind speed and light intensity is closely time-
dependent, fts to the reality, and involves good scene di-
versity. Te planning scheme based on such a scene is more
reliable and fexible.

5.1.2. Analysis of Planning Results. In this paper, three
planning schemes are considered for comparative analysis.
Scheme 1 uses the actual wind speed and light intensity for
scene generation and adopts the demand response based on
hybrid dynamic and fxed TOUprices. In Scheme 2, the actual
wind speed, light generation scenario, and demand response
based on fxed TOU price are used to optimize the distributed
power supply allocation. Scheme 3 utilizes the probability
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model to generate the scenario and the demand response
based on the fxed TOU price to carry out the scheme
planning.Te planning results, cost data, and total costs based
on these three schemes are presented in Tables 3 and 4.

In plan one, a wind turbine generator is installed on node
23, six photovoltaic units are installed on node 64, and one
photovoltaic unit and four wind turbine generators are

installed on node 65. A total of 12 distributed generators are
installed.

In plan two, four photovoltaic units are installed on node
11, one photovoltaic unit is installed on node 31, four wind
turbine generators are installed on node 59, and two wind
turbine generators are installed on node 64. A total of 11
distributed generators are installed.

Start

Initialize data: set the number of 
population, the maximum number of 

iterations Gen, the number and 
constraints of control variables, and 

set the annealing constant

Load typical scene data 
of wind, light and load

The power flow calculation program is called 
to calculate the corresponding fitness of 
each particle in the initial population

Niche optimization population 
operation: set the shared distance and 
shape parameters, calculate niche 

fitness Fi, and generate elite 
population

Record the current 
individual best position, 
fitness and global best 

position, fitness

Set the highest temperature 
according to the current best 
fitness, and let the number of 

iterations k=1

Particle swarm velocity, 
position update, disturbance 

parameter update

Metropolis criterion is used to
select individual fitness

The power flow calculation is
used to calculate the particle

fitness value

The current individual best 
position, fitness and the 

global best position, fitness 
were recorded

Updated annealing 
temperature
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End

Output the optimal 
solution
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Figure 2: Computational process fow of improved simulated annealing particle swarm optimization algorithm.
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Figure 3: IEEE 69-node distribution network.
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In plan three, three wind turbine generators are installed
on node 59, one wind turbine generators is installed on node
64, six photovoltaic units are installed on node 61, and three
photovoltaic units are installed on node 65. A total of 13
distributed generators are installed.

Te investment costs of plans 1, 2, and 3 are 1.36, 1.316,
and 1.4095 million yuan, respectively.Te voltage limit cost is
the sum of the of-limit cost of all nodes. According to specifc
quantity of installation, it can be seen that after connection of
the same distribution network with an approximate quantity
of distributed power supply, the loss reduction efect of
Scheme 1 is better than that of Scheme 2 with fxed TOU
price, and the network loss saving cost of Schemes 1 and 2 is
456,800 and 304,100 yuan, such that the revenue of Scheme 1
is 1.5 times greater than that of Scheme 2. At the same time,
when the total number of distributed power supplies in
Scheme 1 is slightly higher than that of Scheme 2, the voltage
overlimit is only 56% of that in Scheme 2.

Because of interaction between demand response and
distributed power supply, site selection and capacity de-
termination in Scheme 1 are performed according to the time
series output characteristics of wind power and photovoltaic

distributed power supply. Tis makes the access to distributed
power supply more reasonable. It meets the system re-
quirements and leads to suitable performance in reduction of
network loss and voltage quality. In addition, after reasonable
planning, Scheme 1 is capable to accommodate a larger scale of
distributed power supply access compared to that of Scheme 2.

Te demand response cost of plans 1, 2, and 3 is 0.43,
1.432, and 1.432 million yuan, respectively. Both Schemes 2
and 3 adopt fxed TOU price, which is costly in terms of
demand response implementation. At the same time, it is
possible that users consume electricity in the period of low
electricity price for a long time, which increases the cost
again and further reduces the scheme economy. In Scheme
1, the hybrid TOU price can not only decrease energy
consumption but also greatly reduces the cost of demand
response implementation. Compared to Schemes 2 and 3,
the cost of Scheme 1 is reduced by 70.2%. Scheme 1 can also
reduce the demand response cost on the basis of more
detailed division of scenes and electricity prices.

Te environmental cost savings of plans 2 and 3 are 1.20
and 0.69 million yuan, and the operation and maintenance
cost of Schemes 2 and 3 is 470,600 and 385,700 yuan.

Although the number of installed distributed power
supplies in Schemes 2 and 3 is roughly the same, the en-
vironmental cost savings and operation and maintenance
costs of them are quite diferent. Tese two objective
functions should be increased with the increase of the
number of DG access. However, in comparison with Scheme
2, Scheme 3 includes more DGs and smaller environmental
cost savings and operation and maintenance costs. Tis is
because the probabilistic model simulates the output in-
accurate and mainly simulates the uncertainty. Moreover,
the diversity of simulated output scenarios obtained by
sampling based on the probabilistic model is low. Terefore,
the two objective functions lead to opposite results, though
they are closely related to the output.

5.1.3. Analysis of Representative Scenarios. Among the 24
scenarios in Scheme 1, there are 2 scenarios with fxed TOU
price, as shown in Figure 8(a). In such scenarios, the
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Figure 4: Temporal change of load trend with scenario.

Table 1: Time-dependent electricity price.

Type Peak
and valley period Price (yuan/kWh)

Te peak times 12 : 00∼14 : 00 0.74319 : 00∼22 : 00

Te fat times
9 : 00∼11 : 00

0.5515 : 00∼18 : 00
23 : 00∼24 : 00

Te valley times 1 : 00∼8 : 00 0.288

Table 2: Elastic coefcient matrix.

Period Peak Flat Valley
Peak −0.1 0.01 0.02
Flat 0.01 −0.1 0.01
Valley 0.02 0.01 −0.1
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distributed power supply is a special scenario with almost no
output. Although the efect of guiding load by dynamic TOU
mechanism is similar to that of fxed TOU price mechanism,

its efect is not as good as that of fxed TOU price. Terefore,
in such scenarios, it is more reasonable to adopt fxed TOU
price without interaction with distributed power output to
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Figure 6:Wind-photovoltaic scenarios based on probabilistic model or time. (a)Wind power scenario based on probability model. (b) Time
series-based wind power scenario. (c) PV power scenario based on probabilistic model. (d) Time series-based PV power scenario.
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guide load changes. Te other 22 scenarios adopt the dy-
namic TOU price mechanism. One scenario with frequent
price changes is taken as shown in Figure 8(b).

Figure 9 shows the scenario with favorable output of the
distributed power supply, where Figure 9(a) shows the
scenario of Scheme 1. In the current scenario, the peak load,
valley load, and peak-valley diference after demand re-
sponse are 5.289MW, 3.795MW, and 1.494MW,

respectively. Te respective original values are 5.289MW,
3.438MW, and 1.851MW. Scheme 1 mainly leads to peak
shifting and valley flling in this scene. Figure 9(b) presents
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Figure 7: Regional measurement data. (a) Wind speed. (b) Optical radiation.

Table 3: Program results.

Planning scheme Plan 1 Plan 2 Plan 3
WTG location
(number) 23 (1), 65 (4) 59 (4), 64 (2) 59 (3), 60 (1)

PVG location
(number) 64 (6), 65 (1) 11 (4), 31 (1) 61 (6), 65 (3)

Table 4: Cost data.

Type
(unit/ten thousand yuan) Plan 1 Plan 2 Plan 3

Network loss reduction cost savings 45.68 30.41 26.64
Demand response cost 42.57 143.16 143.16
Environmental cost savings 125.05 120.24 69.02
Distributed power investment 136.25 131.56 140.95
Operation and maintenance cost 58.98 47.06 38.57
Electricity purchase cost of the main
network 1867.03 1889.11 1957.34

Voltage limit (p.u) 46.05 81.54 82.54
Total cost 1980.16 2011.10 2127.08
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the scenario of Scheme 2. Te peak load, valley load, and
peak-valley diference after demand response are 5.217MW,
3.771MW, and 1.446MW, respectively. Scheme 2 plays the
role of peak cutting and valley flling slightly better than that
of Scheme 1. However, the load variation trend of Scheme 1
is similar to that of DG output, such that the peak load is
shifted to the moment with better DG output, which is
favorable for energy consumption. In comparison, when DG
output is the best, the change of electricity price in Scheme 2
limits the users’ electricity consumption. Tis is the reason
for the increase of voltage overlimit index of plan 2 in the
above planning results.

Figure 10 shows the scenario with large peak-valley
diference, where Figure 10(a) belongs to the scenario of
Scheme 1. Te peak load, valley load, and peak-valley

diference after demand response are 6.498MW,
4.581MW, and 1.917MW, respectively. Figure 10(b)
presents the scenario corresponding to Scheme 2. Te
peak load, valley load, and peak-valley diference after
demand response are 6.774MW, 4.552MW, and
2.222MW, respectively. Te respective original values are
6.837MW, 4.151MW, and 2.686MW. In Scheme 2, the
peak cutting efect is not obvious in the scene with large
peak-valley diference. Furthermore, the overall load
adjustment efect is not evident in this scheme, while the
load fuctuation is considerable. In comparison with
Scheme 2, Scheme 1 is characterized by better peak cutting
and valley flling efects as well as stable and relatively
gentle adjusted load curve in the scene with large peak-
valley diference.
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Figure 8: Classifcation of the TOU price. (a) Change of electricity price, load, and DG output in the scenario with fxed TOU price. (b)
Change of electricity price, load, and DG output in the scenario with dynamic TOU price.
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Figure 9: Load and electricity price changes of the three schemes in the scenario with better DG output. (a) Scheme 1. (b) Scheme 2. (c)
Scheme 3.
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Figures 9(c) and 10(c) correspond to the scene of Scheme
3. It can be seen that DG output in Scheme 3 is fuctuative
without any obvious temporal characteristics. Moreover,
output scenes are highly similar, and the scene diversity is
poor. As a result, part of the revenue and cost in the planning
results of Scheme 3 (in the previous subsection) are in-
consistent with the actual situation. Such planning scheme
causes a series of disadvantages such as unexpected changes
in various economic indicators and increased network losses
during actual implementation. More complex factors should
be considered in plan 3 in order to achieve the approximate
efect with plans 1 and 2, in which loss outweighs the gain.

5.1.4. Comparison of Algorithm Improvement. In this paper,
traditional PSO, SAPSO, and ISAPSO algorithms based on
niche ftness were used to calculate Scheme 1. Te con-
vergence speed, calculation speed, ftness, and local search
ability were compared and analyzed. Te ftness obtained by
the three algorithms is shown in Figure 11. As can be seen,
convergence speed of the traditional PSO is the main ad-
vantage of this algorithm. It converges to the optimal value

in the 19th generation, and it can be seen that further in-
crease of the number of iterations does not results in fnding
a better solution. Since the local search ability is poor, it falls
into the local optimum.Te SAPSO has higher requirements
on the initial population, which afects its convergence
speed, such that it converges to the optimal value in the 42nd
generation. Although the mechanism of fnding the optimal
solution in the SAPSO leads to better results than the PSO
algorithm, the local search mechanism of this algorithm is
still similar to the optimization method of PSO algorithm.
So, more iteration also falls into the local optimum. In
contrast, convergence speed of the ISAPSO algorithm based
on the niche ftness lies between the two mentioned algo-
rithms, such that it converges to the optimal value in the
35th generation. It can also be seen that through the im-
provement of the inertia weight and learning factor in the
local search mechanism of PSO, the local search ability of the
proposed algorithm has been signifcantly improved, and it
can search for relatively better solutions within a limited
number of iterations. Te calculation time of PSO and
simulated annealing PSO is 1.5 and 1.8 times larger than that
of the ISAPSO based on the niche ftness, respectively. Te

6

5

4

3

2

1

0

Po
w

er
 (M

w
)

2 4 6 8 10 12 14 16 18 20 22 24
-2

-1

0

1

2

3

4

Hours

7

Pr
ic

e

Before DR
After DR

DG Output
Electricity Prices

(a)

6

5

4

3

2

1

0

Po
w

er
 (M

w
)

2 4 6 8 10 12 14 16 18 20 22 24
-2

-1

0

1

2

3

4

Hours

7

Pr
ic

e

Before DR
After DR

DG Output
Electricity Prices

(b)

6

4

3

2

1

0

Po
w

er
 (M

w
)

2 4 6 8 10 12 14 16 18 20 22 24
-2

-1

0

1

2

3

4

Hours

7

Pr
ic

e

Before DR
After DR

DG Output
Electricity Prices

5

(c)

Figure 10: Load and electricity price changes of the three schemes in the scenario with large peak-valley diference. (a) Scheme 1. (b) Scheme 2.
(c) Scheme 3.
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above enhancements reveal that the ISAPSO algorithm has
the advantages of the two other algorithms and additionally
improves the disadvantages of these algorithms.

6. Conclusions

Tis paper proposed the price-type demand response of
hybrid dynamic and fxed TOU. Te actual wind speed and
photovoltaic data were used to generate the scene based on
k-means clustering. Te optimized allocation scheme of
distributed power supply with the minimum cost was ob-
tained by using the improved simulated annealing particle
swarm optimization algorithm based on the niche ftness.
Te conclusions are as follows:

(1) In order to simulate the uncertainty of wind and
photovoltaic generator output in as much detail as
possible, two diferent multi-scene modeling
methods are compared to conclude the following.
Based on actual wind speed and radiance data and
using the k-means clustering algorithm containing
IDB, the limitation of empirical classifcation can be
avoided. Furthermore, various scenes with reason-
able diferences can be generated, while the con-
tradiction between computational cost and scene
diversity can be balanced.

(2) Te hybrid TOU price mechanism is proposed to
solve the energy consumption problem and provide

a thinking direction for the transition to real-time
price in the future. Tis paper also verifes that
compared with traditional fxed TOU price, it also
achieves similar or better efect.

(3) Te algorithm in this paper is improved from the
convergence speed, accuracy, and solving speed of
the solution. It was verifed that after optimizing the
initial population and improving the velocity and
position update formula, the simulated annealing
particle swarm optimization algorithm can result in
advantages like fast convergence speed, improved
calculation speed, and enhanced local optimization
ability. Te convergence speed is between the two
algorithms, and the calculation speed is 1.8 times the
original algorithm.

(4) Reactive power compensation device can be added
to further adjust the voltage and reduce the oc-
currence of voltage overlimit. Terefore, the loca-
tion and capacity determination of distributed
power supply and reactive power compensation
device should be further studied on the basis of this
planning scheme.

Data Availability

Te data used to support the fndings of this study are in-
cluded within the article.
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