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Abstract——Due to the uncertainty and fluctuation of distribut‐
ed generation (DG) and load, the operation of active distribu‐
tion network (ADN) is affected by multi-dimension factors
which are described by massive operation scenarios. Efficient
and accurate screening of severely restricted scenarios (SRSs)
has become a new challenge in ADN planning. In this paper, a
novel bi-level coordinated planning model which combines the
short-time-scale operation problem with the long-time-scale
planning problem is proposed. At the upper level, the demand
response (DR) resource, an effective non-component planning
resource characterized by low capacity price, high energy price,
and short contract term, is co-optimized with the configuration
of lines and energy storage systems (ESSs) to achieve the eco‐
nomic trade-off between the investment cost and the operation
cost under SRSs. At the lower level, with the planning scheme
obtained from the upper level, massive operation problems are
optimized to minimize the daily operation cost; and the SRSs
are provided to the upper level through a shadow-price-based
scenario screening method, which simulates the planning infor‐
mation (i.e., the restricted degrees of operation scenarios) feed‐
back process from ADN operators to ADN planners. Case stud‐
ies on a 62-node distribution system in Jianshan New District,
Zhejiang Province, China, illustrate the effectiveness of the pro‐
posed bi-level coordinated planning model considering DR re‐
sources and SRSs.

Index Terms——Active distribution network, demand response
resource, bi-level coordinated planning, severely restricted sce‐
nario screening, shadow price.
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Discount rate
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Lagrange multipliers of line ij power flow
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Total planning cost
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The minimum hourly DR power of DR re‐
source provider of load type m at planning
stage n

The maximum rated power of expanded ESS
at node i at planning stage n

The maximum load power at node i of load
type m at planning stage n

The maximum output power of PV and WT
at node i at time period t in scenario s

Probability of scenario s

Resistance of line ij

The maximum capacity of line ij at planning
stage n

Number of time periods in a dispatch cycle

The maximum duration of DR event period

Start time and end time of DR event period
at node i of load type m

The lower and upper voltage limits at node i

Lifecycles of line and ESS

Rated capacity of expanded ESS at node i at
planning stage n

State of charge of ESS at node i at time peri‐
od t in scenario s

Current flowing through line ij at time period
t in scenario s

Square of current flowing through line ij at
time period t in scenario s

Active nodal injection power, ESS charging
power, and ESS discharging power at node j
at time period t in scenario s

Contract capacity signed with the DR re‐
sources provider at node i of load type m at
planning stage n

Active DR power at time period t at node i
of load type m in scenario s

Rated power of expanded ESS at node i at
planning stage n

Active power through line ij at time period t
in scenario s

Power loss of line ij at time period t in sce‐
nario s

Active power purchased from the upper grid
at node i at time period t in scenario s

Active power of PV, WT, and load shedding
at node i at time period t in scenario s
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Reactive nodal injection power, power pur‐
chased from the upper grid and compensation
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Reactive power through line ij at time period
t in scenario s

Reactive power of load, WT, and PV at node
j at time period t in scenario s

Nodal voltage at node i at time period t in
scenario s

Square of nodal voltage at node i at time pe‐
riod t in scenario s

Binary variables for representing the utiliza‐
tion state of ESS at node i at time period t in
scenario s

Binary variable for representing the invest‐
ment state of ESS newly installed at node i
at planning stage n

Binary variable for representing the invest‐
ment state of line ij at planning stage n

Binary variable for representing the utiliza‐
tion state of line ij at planning stage n

I. INTRODUCTION

NOWADAYS, more distributed generations (DGs) such
as photovoltaic (PV) and wind turbine (WT) are con‐

nected to the distribution network due to their advantages of
low carbon emissions, high efficiency, and high flexibility
[1], which brings in numerous operation scenarios with high
risks but low probabilities [2], [3]. In some of these opera‐
tion scenarios, the inadequate ability of the distribution net‐
work to consume renewable energy raises requirements for
expensive additional investments [4]. The optimal dispatch‐
ing of energy storage system (ESS) [5], [6], electric vehicle
(EV) [7], combined heat and power (CHP) unit [8], and de‐
mand response (DR) [9] is considered in active distribution
network (ADN) operation and planning, which not only re‐
duces the operation risks caused by the mass connection of
DGs, but also improves the economic performance of the
distribution network planning scheme.

The economy, reliability, and flexibility of ADN can be
improved by optimal planning and dispatching of DG [10],
[11]. Considering the active management of DG, a multi‐
stage ADN planning model is proposed in [12] to decide the
installation location, capacity and time of substations, lines,
capacitors, and voltage regulators. In [13], the DG invest‐
ment is integrated with a multi-stage planning model of lines
and substations to reduce the investment cost. To handle the
uncertainties caused by DG and load [14], [15], the stochas‐
tic theory [16] - [19] and robust theory [20] - [22] are widely
applied in ADN planning models. In [21] and [22], robust
distribution network planning models are proposed consider‐
ing the uncertainty of the demands of load and EV. Based
on the stochastic theory, the uncertain characteristics of
loads and DGs are modeled with probability distribution
functions. In [23], the uncertain forecasting errors of DGs
are described with Gaussian distribution to obtain the confi‐

dence intervals of the forecasting load. With the develop‐
ment of the multi-scenario technique, the uncertainties of
ADN planning are described as probabilistic scenarios.
Based on the multi-load scenarios obtained from the forecast‐
ing data, an ADN planning model is presented in [16] to ob‐
tain the optimal reconfiguration of lines and DGs for power
system planners, as well as the economic dispatching of DG
and the topology reconfiguration for grid companies. In [17],
based on several representative scenarios describing the un‐
certainty of DG and load, a bi-level ADN planning model is
proposed to determine the distribution network frame at the
upper level and the DG optimal configuration at the lower
level. The correlated uncertainty of DG and load is represent‐
ed with equiprobable scenarios in the stochastic program‐
ming model proposed in [18]. To avoid the computational
burden [24], only several predetermined scenarios rather
than massive scenarios are considered in [16]-[18]. It is diffi‐
cult for ADN operator to identify all scenarios which should
be considered in ADN planning based on experience. In
power system economics, the shadow prices of active con‐
straints reflect the marginal values of an optimal operation
cost [25], [26]. The scarcity of an ADN planning resource in
an operation scenario is quantitatively assessed by the shad‐
ow price, which further reflects the restricted degree of the
scenario, i.e., the value and necessary level to be considered
in the ADN planning. In this paper, a shadow price-based
scenario screening method is proposed to screen out the nec‐
essary scenarios for ADN planning.

The impacts of price-based DR programs such as time of
use (TOU) program [27] and real-time pricing (RTP) pro‐
gram [28], [29] are investigated in existing ADN planning
models. The load adjustment can be achieved based during
different TOU pricing strategies at different time periods
[30]. In [31], different TOU pricing strategies at different
time periods are incorporated in the ADN planning model to
postpone the investment. In [32], the influences of different
TOU-based DR policies and penetration rates on possible
benefits and overcharges are considered in the proposed
ADN planning model with the minimum investment and op‐
eration costs. In [33], the RTP-based DR is integrated with
the planning model to balance load and electricity supply in
the ADN with high penetration of DG. In [34], [35], the
planning models considering the own-price and cross-price
elasticities of RTP-based DR are established to determine
the investment of ADN components. It can be seen that the
DR is considered in the short-term operation problems in the
ADN planning scheme only, rather than as a long-term non-
component planning resource directly in [30] - [35]. In fact,
the management risk and the overall cost of electricity utili‐
ties can be reduced with the capacity cost prepaid to the
long-term DR resource procured in the ADN planning phase
[36]. For example, both PJM capacity market, called the reli‐
ability pricing model, and ISO-NE forward capacity market
(FCM) procure DR resources to meet anticipated demands
on a rolling three-year schedule [37]. In this paper, both the
short-time-scale dispatching of DR and the long-time-scale
procurement of DR resources are considered in the ADN
planning to improve the benefits of electricity utilities.
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In this paper, a novel bi-level coordinated ADN planning
model is presented, considering DR resources and severely
restricted scenarios (SRSs) screened out by a shadow-price-
based scenario screening method. The main contributions of
this paper are as follows.

1) The DR resource is regarded as a non-component plan‐
ning resource and integrated into the proposed bi-level coor‐
dinated ADN planning model, considering both the capacity
cost prepaid in the planning phase and the energy cost calcu‐
lated in the operation phase. A better trade-off between long-
term investment cost and short-term operation cost is
achieved by the proposed model with DR resources than the
models without DR resources.

2) Based on the shadow price theory in power system eco‐
nomics, the scenario impact factor is presented to evaluate
the economic benefits of ADN resource planning in each sce‐
nario, which effectively reflects the influence of the ADN op‐
eration scenario on the ADN planning. The screening of mas‐
sive scenarios for ADN planning is efficiently achieved to se‐
lect out the important SRSs to be planned, which helps ob‐
tain better planning results than the methods with experien‐
tial predetermined scenarios.

II. DR IN ADN PLANNING AND OPERATION

Figure 1 illustrates the coordinated optimization of ADN.
Generally, the long-term and ultra-short-term load demands
in ADN are met with the investment and the economic dis‐

patch of component resources such as lines and ESSs, re‐
spectively. Due to the high penetration of DG, ADN plan‐
ners need to consider the short-term or even ultra-short-term
load demands under various operation scenarios and achieve
a coordinated optimization of the ADN planning and opera‐
tion. The short time-scale operation cost can be reduced by
avoiding load curtailment and consuming more renewable en‐
ergy through the dispatch of ESS. However, due to its long
lifecycle and high construction cost, the ESS configuration
cannot be changed flexibly. As a non-component planning re‐
source, the DR contract is signed by power consumers with
electricity utilities, which is characterized by low capacity
price, high energy price and short contract term [38]. For ex‐
ample, the ISO-NE annual capacity auction prices are only
4.63 $/(kW ×month) and 3.80 $/(kW ×month), in 2018 and
2019, respectively. Within the DR contract period, customers
participating in capacity market receive payments for the
load (e.g., air conditioners [39], water heaters [40], and ice-
storage air-conditioners [41]) reductions, which are made to
satisfy the short-term dispatch demand [42], effectively de‐
laying the construction of lines and ESSs. When the contract
expires, the DR contract will not be renewed if the controlla‐
ble load is no longer required for the economic dispatch.
Consequently, less long-term impacts on the ADN and better
economic benefits to deal with the short-term dispatch de‐
mand are achieved through the procurement of DR resources
compared with the construction of component planning re‐
sources such as lines and ESSs in some situations.

In the ADN planning phase, the DR capacity cost Ccap is
paid by electricity utilities to DR resource providers, i.e.,

Ccap =∑
n= 1

NT

(1+ ρ)-n+ 1∑
mÎΩm

∑
iÎΩm

node

ccap
nmi P

cap
nmi (1)

Based on the characteristics of different DR resources and
consumer psychology, the maximum potential coefficient
αDR

nmi reflects the largest incentive-based response capacity of
the DR resource provider at node i of load type m at plan‐
ning stage n. The contract capacity P cap

nmi is limited by αDR
nmi,

which is expressed as:

0£P cap
nmi £ P̄ load

nmiα
DR
nmi (2)

The piecewise linear curve of αDR
nmi represented in Fig. 2 is

expressed as:
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nmdead
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nmdead < ccap
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nmmax ccap
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(3)

In the ADN operation phase, the procured DR resources
can be dispatched for economic operation in all scenarios.
The DR energy cost C ene

s is calculated according to the actu‐
al usage of DR resources in scenario s, i.e.,

C ene
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Fig. 1. Coordinated optimization of ADN.
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For each operation scenario s, the hourly DR power is
constrained by the minimum limit and the contract capacity
during the DR event period, as shown in (5); and the hourly
DR power is zero beyond the DR event period, as shown in
(6); and the duration of each DR event period cannot exceed
the maximum limit, as shown in (7).

P DR
nmmin £P DR

smit £P cap
nmi "tÎ [ t start

mi t end
mi ] (5)

P DR
smit = 0 "tÏ [ t start

mi t end
mi ] (6)

t end
mi - t start

mi £T DR
max (7)

III. BI-LEVEL COORDINATED ADN PLANNING MODEL

CONSIDERING DR RESOURCE AND SRS

Generally, the best economics of the ADN planning
scheme is guaranteed in the planning model based on a uni‐
versal operation scenario set. However, the number of deci‐
sion variables and constraints is too large to be solved with‐
in an acceptable time. A planning scenario set with finite pre‐
determined scenarios may lead to incorrect planning deci‐
sions. Ignoring some representative scenarios could lead to
the inadequate investment cost and high operation cost; and
over-evaluating the risks of some scenarios might lead to
low utilization for the newly installed components and high
investment cost. To reach an acceptable optimization time
and achieve a trade-off between the investment cost and the
operation cost during the whole planning period, an SRS set
is built through scenario screening for the bi-level coordinat‐
ed ADN planning model in this paper. The non-network solu‐
tion, including the economic dispatch strategies and the re‐
stricted degrees of scenarios, is obtained in the lower level
of the proposed model. Then, the SRSs are screened out and
fed back to the upper level of the model to obtain the net‐
work solution. The approximately optimal solution is ob‐
tained after several iterations between the two levels.

A. Economic Dispatch Problem of ADN Considering DR in
Lower Level

As discussed in Section II, the ability of ADN to deal
with short-term operation risks caused by the mass connec‐
tion of DG can be enhanced by DR, which is considered in

the economic dispatch problem in the lower level of the
model.

In the lower level of the proposed model, the decision
variables include the hourly power of ESS, DR, WT, PV,
and load shedding. The economic dispatch problem is to
minimize the daily operation cost C ope

s , which includes the
energy purchase cost C pur

s , power loss cost C loss
s , DR energy

cost C ene
s , and penalty cost C penalty

s for PV curtailment, WT
curtailment, and load shedding, and is expressed as:

min C ope
s =C pur
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s (8)
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The decision variables of the economic dispatch problem
are constrained by the DR constraints (5)-(7) and the opera‐
tion constraints. The operation constraints are represented as:
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The hourly output power of DGs is constrained in (12)

O M
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=

DR
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DR provider a; DR provider b; DR provider c

Fig. 2. Piecewise linear curves of the maximum potential coefficient.
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and (13). The nodal power balance equations are represented
in (14)-(17). The square of the current magnitude of line ij
is computed in (18). The power flow constraint considering
the bidirectional power flow is formulated in (19). Con‐
straint (20) prevents power from being injected into the up‐
per power grid. The big-M method is used in (21) and (22)
to deal with the nonlinear terms when considering the radial
topology distribution network [43], [44]. The nodal voltage
is limited in (23). The load shedding power of every node is
constrained in (24). The constraints for discharging and
charging status and hourly power of ESS are defined in (25)
and (26), respectively. The stored energy of ESS is con‐
strained in (27). The ESS power balance constraint is shown
in (28). Constraint (29) guarantees the conservation of daily
charging and discharging energy.

B. ADN Planning Considering DR Resource in Upper Level

The objective of the ADN planning model is to minimize
the total cost Ctotal including the investment cost of lines and
ESSs C inv

line and C inv
ESS, the capacity cost of DR contract Ccap,

the maintenance costs of lines and ESSs C m
line and C m

ESS, and
the daily economic dispatching cost under SRSs Cs*, which
is formulated as:
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line +C m

ESS +Cs* (30)
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∑
rÎΩRlr

xline
nij cr Lij) (31)

C inv
ESS =∑

n= 1

NT (1+ ρ)-n

ρ
ρ(1+ ρ)Y ESS

(1+ ρ)Y ESS

- 1

é

ë
êê∑

iÎΩNESS

xNESS
ni cNESS

Si +

ù

û
úú∑

iÎΩEESS ΩNESS

( )cESS
Pi P ESS

ni + cESS
Ei E ESS

ni (32)

C m
line =∑

n= 1

NT

(1+ ρ)-n ( )∑
ijÎΩEline

cm
line Lij+ ∑

ijÎΩNline

xline
nij c

m
line Lij (33)

C m
ESS =∑

n= 1

NT

(1+ ρ)-n ∑
iÎΩEESS ΩNESS

cm
ESS E ESS

ni (34)

Cs* =∑
sÎΩs*

δ(1+ ρ)-n psC
ope
s (35)

In (30) - (35), the long-term decision variables include in‐
vestment variables for the installation and reinforcement of
lines xline

nij, the installation and expansion of ESS xNESS
ni , P ESS

ni

and E ESS
ni and the contract amount of DR P cap

nmi. The invest‐
ment constraints are represented as:

∑
n= 1

NT

xline
nij £ 1 (36)

∑
n= 1

NT

xNESS
ni £ 1 (37)

0£P ESS
ni £P ESS

imax (38)

0£E ESS
ni £E ESS

imax (39)

yline
nij =

ì

í

î

ïï
ïï

1 ijÎΩEline

∑
n= 1

NT

xline
nij ijÎΩNline

(40)

∑
ijÎΩLline ΩEline

yline
nij + ∑

ijÎΩLline ΩNline

yline
nij £NLS - 1 (41)

C inv
n £C inv

max (42)

Throughout the entire planning horizon, each line and
ESS are allowed to be constructed once at most, as con‐
strained in (36) and (37), respectively. The maximum power
and stored energy limit of ESS are constrained in (38) and
(39), respectively. The construction state of line is con‐
strained in (40). The radiality of the distribution network is
constrained in (41). As discussed in Section II, DR potential
capability is constrained in (2). The investment cost con‐
straint at every planning stage is represented in (42).

The constraints associated with the ADN operation should
be satisfied at each time period in all planning scenarios,
which are listed in (12)-(29).

C. Shadow-price-based SRS Screening Method

The uncertainty and fluctuation levels of the ADN are en‐
hanced by the development of DG and load, which generates
a variety of restricted scenarios. The restricted scenarios rep‐
resent those with congestion and high operation cost due to
the insufficiency capacity of power grid resources. The best
planning scheme can be achieved with the planning model
considering all operation scenarios but is time-consuming
and difficult to be solved. There are unrestricted scenarios
and some restricted scenarios that do not need to be consid‐
ered in the planning phase because of their low restricted de‐
grees or probabilities. The operation risks in these scenarios
may be reduced when the network solution is made for other
scenarios with more severely restricted degrees. In this pa‐
per, a novel shadow-price-based SRS screening method is
proposed to screen out the correct scenarios, which should
be considered in ADN planning in the massive operation sce‐
narios.

The shadow price, i. e., Lagrange multiplier, is the addi‐
tional product when using the primal-dual interior-point
method based on Karush-Kuhn-Tucker (KKT) conditions,
which evaluates the worth of increment for additional unit
capacity quantitatively [45]. In the ADN planning model, the
limits of some constraints are decided by the capacities of
power system resources. The Lagrange multipliers of the up‐
per limit of DR power constraint, the upper and lower limits
of power flow constraint, and the upper limits of ESS power
and stored energy constraints (i.e., μs,m, i, t , ν

u
sijt, ν

d
sijt, πs,j,t , and

τs,j,t ) correspond to the shadow prices of DR resources, lines
and ESSs, respectively. Based on these Lagrange multipliers,
a new factor named as the shadow price of scenario Ψs is de‐
fined to evaluate the restricted degree of scenario, which is
represented as:

Ψs = ∑
mÎΩm

∑
iÎΩm

node

∑
t = 1

T μsmit

ccap
m

+ ∑
ijÎΩNline ΩEline

∑
t = 1

T νu
sijt + νd

sijt

cr

+

∑
iÎΩEESS ΩNESS

∑
t = 1

T ( )πsit

cESS
Pi

+
τsit

cESS
Ei

(43)
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It is noted that the scenario probability is independent of
the shadow price of scenario, which is important to evaluate
the restricted degree of scenario. The scenario impact factor
ζs is defined to describe the restricted degree of scenario and
screen out the SRSs, and it can be represented as:

ζs =Ψs ps (44)

The overall scarcity of the ADN resources in operation
scenario s is reflected through the scenario impact factor ζs.
Unit investment in the scenario with a larger ζs will get bet‐
ter marginal benefits in reducing the operation costs and
risks. According to the impact factor ζs, all operation scenari‐
os are evaluated objectively and those with great marginal
benefits of investment are selected into the SRS set Ωs* for
ADN planning, which can be represented as:

Ωs* = {s*
|

|

|
||
| ζs* ³max{ζ0

1
Ns
∑
sÎΩs

ζs}s*ÎΩs} (45)

According to (45), the scenarios with larger impact factors
than the threshold or the average of all scenario impact fac‐
tors ζ0 are included in the SRS set (i.e., the planning scenar‐
io set). The SRS set simulates the information transmitted
from system operators to ADN planners.

D. Bi-Level Coordinated ADN Planning Model

1) Upper-level Model

ì

í

î

ïï
ïï

min
Ωu

Ctotal =C inv
line +C inv

line +Ccap +C m
line +C m

ESS +Cs*

s.t. (2)(5)-(7)(12)-(29)(36)-(42)
"sÎΩs*"mÎΩm

node"iÎΩnodejÎΩnodek ÎΩnode
"ijÎΩ line jk ÎΩ line"n= 12...NT"t = 12...T

(46)

2) Lower-level Model

ì

í

î

ïï
ïï

min
Ωl

C ope
s =C pur

s +C loss
s +C ene

s +C penalty
s

s.t. (5)- (7)(12)- (29)
"sÎΩs"mÎΩm

node"iÎΩnode jÎΩnode k ÎΩnode
"ijÎΩ line jk ÎΩ line"t = 12...T

(47)

The proposed bi-level planning model consists of a master
problem of ADN planning and a set of sub-problems of
ADN operation. The intermediate variables between the up‐
per- and lower-level models are the SRSs screened out based
on the simulation result of ADN operation and the ADN
planning solution, which reflects the interaction between
ADN planning and operation.

IV. ITERATIVE SOLVING PROCESS OF BI-LEVEL

COORDINATED PLANNING MODEL

With the SRS screening method introduced in Section III-
C, the planning scenario sets are built for the planning mod‐
el to obtain the network solutions in every iteration until the
approximately optimal solution is obtained. In the solving
process, the second-order cone relaxation is applied to sim‐
plify the non-convex nonlinear planning model in the lower
level to the convex linear planning model [46]-[48].

A. Iterative Solving Process of Bi-level Optimization Model

The flowchart of the proposed bi-level coordinated plan‐
ning model is presented in Fig. 3. The iterative solving steps
are summarized as follows.

Step 1: input the initial distribution network information
(network solution) and the parameters for ADN planning.

Step 2: set τ = 0 and s= 1.
Step 3: solve the lower-level economic dispatch in scenar‐

io s. The non-network solution including the economic daily
dispatch strategy and the Lagrange multipliers (i. e., shadow
prices) of DGs, ESSs, and DR contracts is obtained.

Step 4: calculate Ψs and ζs.
Step 5: if s > Ns, turn to Step 6; otherwise, set s= s+ 1 and

return to Step 3.
Step 6: screen out Ωs* with the proposed SRS screening

method.
Step 7: if Ωs* is an empty set, turn to Step 11; otherwise,

return to Step 8.
Step 8: solve the upper-level planning problem consider‐

ing Ωs* . The τ th network solution including the line and ESS
investment and the DR contract signing decisions is obtained.

Step 9: if the planning result is changed, turn to Step 10;
otherwise, turn to Step 11.

Step 10: update the distribution network scheme with the
network solution and set τ = τ + 1.

Step 11: output the ADN planning result.

B. Conversion Method of Constraint Based on Second-order
Cone Relaxation

The proposed economic dispatch problem is a non-convex

Output final ADN planning result

Is planning result
changed?

Y

Y

N

N

N

Input data

Y

Start

End

Set τ=0, s=1

Solve the lower-level economic
dispatch problem in scenario s

Calculate Ψs and ζs with (43) and (44)

s>Ns?s=s+1

τ=τ+1Screen out Ωs  with (45)*

Ωs*=Ø?

Solve the upper-level ADN planning
problem considering SRSs Ωs*

Update the
network scheme

Fig. 3. Flowchart of proposed bi-level coordinated planning model.
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nonlinear programming problem which is difficult to solve.
The second-order cone relaxation can guarantee the accuracy
of the solution algorithm and meet the computational speed
requirement [49]. Using the conversion equations (48) and
(49), (14), (15), (18), and (21)-(23) are reformulated to (50)-
(55). Then, (52) is converted to (56) by using second-order
cone relaxation. In the upper level, the mixed-integer conic
quadratic (MICQ) model is converted to the mixed-integer
linear planning (MILP) model. The approximately optimal
solutions of the upper-level and lower-level models are ob‐
tained by the commercial solver CPLEX [50]-[52].

I φsijt = I 2
sijt (48)

V φ
sit =V 2

sit (49)

∑
jk ÎΩline

P line
sjkt = ∑

ijÎΩline

(P line
sijt - I φsijtrij)-Psjt (50)

∑
jk ÎΩline

Qline
sjkt = ∑

ijÎΩline

(Qline
sijt - I φsijtσ ij)-Qsjt (51)

V φ
sit I

φ
sijt = (P line

sijt)
2 + (Qline

sijt)
2 (52)

V φ
sjt <V φ

sit - 2(rij P
line
sijt + σ ijQ

line
sijt)+ I φsijt (r

2
ij + σ 2

ij )+M (1- yline
nij )

(53)

V φ
sjt ³V φ

sit - 2(rij P
line
sijt + σ ijQ

line
sijt)+ I φsijt (r

2
ij + σ 2

ij )-M (1- yline
nij )

(54)

V 2
imin £V φ

sit £V 2
imax (55)



















2P line
sijt

2Qline
sijt

I φsijt -V φ
sit 2

£ I φsijt +V φ
sit (56)

where ||·||2 represents the Euclidean L2-norm.

V. CASE STUDY

A 62-node distribution system in Jianshan New District,
Zhejiang Province, China, as shown in Fig. 4, is used to il‐
lustrate the effectiveness of the proposed model.

The distribution system comprises two substation nodes,
55 industrial load nodes, five commercial load nodes, and 62
lines. The planning problem is divided into four planning

stages, and each stage represents a period of one year. The
candidate nodes for ESS and DR contract, the location and
capacity information of DGs, and the parameters of the plan‐
ning model are shown in Tables I-III, respectively. The PV
and WF scenarios are clusted into six and three scenarios, re‐
spectively,and shown in Fig. 5. A universal operation scenar‐
io set with 144 joint scenarios is considered for scenario
screening. The probability of the joint scenario is the prod‐
uct of the probabilities of PV, WT, and load.

Tie lineExisting line; Candidate line;PV node;
WT nodeSubstation node; Candidate node; Existing node;
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6 5
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50
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13 12
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26

24

25
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304241
4847

5251

56

5758
5960
6162
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Fig. 4. Initial network topology of an actual 62-node distribution system.

TABLE I
CANDIDATE NODES FOR ESS AND DR CONTRACT

Type

ESS

DR contract

No. of node

5, 8, 9, 10, 12, 13, 14, 23, 33, 34, 35, 39, 40, 41, 54, 55, 56

5, 6, 8, 9, 12, 13, 14, 39, 41, 51, 55

TABLE II
LOCATION AND CAPACITY INFORMATION OF DG

Type

PV

WT

No. of node

4

23

29

35

43

50

5

12

55

Maximum output power (MW)

1.3

2.0

2.7

2.7

1.8

1.2

3.6

2.1

4.6

TABLE III
PARAMETERS OF PLANNING MODEL

Type

ESS

Line

Operation

Planning

Parameter

Fixed construction cost

Unit rated power cost

Unit capacity cost

Maintenance cost

Lifecycle

Maintenance cost

Lifecycle

Unit investment cost (JKLYJ-20-240)

Impedance (JKLYJ-20-240)

Maximum capacity (JKLYJ-20-240)

Unit investment cost (JKLYJ-20-300)

Impedance (JKLYJ-20-300)

Maximum capacity (JKLYJ-20-300)

Unit penalty for load shedding

Unit penalty for PV and WT curtailment

Operation time of DSM

Limit for nodal voltage

Discount rate

Load growth rate

DG growth rate

Investment limit

Value

¥10000

300000 ¥/MW

300000 ¥/MWh

10000 ¥/(MWh·year)

15 year

2000 ¥/(km·year)

20 year

¥700000

(0.13+j0.34)Ω/km

8.6 MW

¥800000

(0.16+j0.29)Ω/km

10.6 MW

8000 ¥/MWh

4000 ¥/MWh

10:00 to 16:00

[0.95VB,1.05VB]

8%

5%

7%

¥3000000
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Simulations have been implemented on a PC with an Intel
Core i5 CPU at 1.8 GHz and 8 GB of RAM using the
YALMIP tool in MATLAB and calculated with CPLEX
12.6. The termination for the branch-and-cut algorithm of
CPLEX is set at an optimal gap tolerance equal to 0.01%.

A. Result of Proposed Bi-level Coordinated Planning

The final planning scheme and target distribution network
topology of the proposed bi-level coordinated planning mod‐
el considering DR resources and SRSs (BCP-DR-SRS mod‐
el) are presented in Fig. 6 and Table IV, respectively. In Fig.
6 and Table IV, to meet the periodic growth of load in the
ADN, L1- 56 , L60 - 57 , L53- 61 , and L53- 60 are newly installed;
L53- 14 , L1- 43 , L1- 8 , L53-26, and L43-44 are reinforced; ESSs with
different rated power and capacities are newly installed at
nodes 5, 10, 23, and 39; and DR contracts are signed with
users at nodes 9 (i.e., 45 kW) at planning stage 1, at nodes
38 and 39 (i.e., 80 kW and 14 kW, respectively) at planning
stage 2, and at nodes 38 and 39 (i.e., 170 kW and 152 kW,
respectively) at planning stage 3.

In order to demonstrate the effectiveness of the proposed
SRS screening method, the restricted degrees of six scenari‐
os out of all SRSs are presented in Table V. Both the typical
scenarios (e.g., scenarios 103, 104, 139, and 140) with proba‐

bilities larger than 7.0% and the extreme scenarios (e.g., sce‐
narios 109 and 113) with probabilities less than 2% are in‐
cluded in the SRS set. Under these SRSs, the loads at nodes
9, 12, 23, 39, and 46 are shed for the power flowing through
L1-8, L53-14, L53-26, L1-38, and L1-44, which exceeds the maximum
capacity limits. On the other hand, the shadow price of sce‐
nario 113 (Ψ113 ) is 2064.2, which is higher than those of sce‐
narios 140 and 139 (Ψ140 = 483.9, Ψ139 = 474.8).

However, scenario 113 is not included in the SRS set at
first because it has a low probability (p113 = 1.2%) which
makes its scenario impact factor (ζ113 = 24.8) less than those
of scenarios 140 (ζ140 = 38.7) and 139 (ζ139 = 38.0). After the
first iteration of planning, the impact factors of scenarios
140 and 139 (ζ140 = 8.78, ζ139 = 8.79) decrease and are less
than that of scenario 113 (ζ113 = 23.4). Then, scenario 113 is
included in the SRS set which influences the planning result
in the second iteration. The original and final scenario im‐
pact factors of all operation scenarios are presented in Fig.
7, where all scenario impact factors decrease after planning,
indicating that the shortages of network resources in all oper‐
ation scenarios are alleviated. The scenario impact factors of

Newly built line (JKLYJ-20-240)ESS; Node with DR contract;
Newly built line (JKLYJ-20-300); Reinforced paraller line
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WT nodeSubstation node; Candidate node; Existing node;
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7
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Fig. 6. Target distribution network topology of BCP-DR-SRS model.

TABLE V
RESTRICTED DEGREES OF SRSS BEFORE AND AFTER PLANNING

Scenario
(planning

stage)

140 (4)

139 (4)

104 (3)

103 (3)

109 (4)

113 (4)

Scenario
probability

ps (%)

8.0

8.0

8.0

8.0

1.5

1.2

Shadow price of
scenario Ψs

Before
planning

483.9

474.8

432.2

413.2

1753.9

2064.2

After
planning

113.6

113.6

84.0

84.0

1129.6

1883.0

Scenario impact
factor ζs

Before
planning

38.7

38.0

34.6

33.1

26.3

24.8

After
planning

9.1

9.1

6.7

6.7

16.9

22.6

TABLE IV
PLANNING SCHEME OF BCP-DR-SRS MODEL

Planning
stage

1

2

3

4

Line

LR
53- 14,L

R
1- 43,

LA
1- 56,L

A
60 - 57,

LA
53- 61,L

B
53- 60

LR
1- 8

LR
53- 26,L

R
43- 44

Newly
installed

ESS

ESS5

ESS10

ESS23

ESS39

ESS5

ESS10

ESS23

ESS39

Rated
power
of ESS
(MW)

0.4

0.8

1.4

1.2

0.4

0.5

0.6

0.8

Rated
capacity
of ESS
(MWh)

0.7

1.5

2.8

2.4

0.8

1.0

2.5

1.6

DR

DR9

DR38

DR39

DR38

DR39

Capacity
of DR
(kW)

45

80

14

170

152

Note: the superscript “R” represents newly reinforced parallel lines; the su‐
perscripts “A” and “B” represent two types of newly built lines, i. e., JK‐
LYJ-20-240 and JKLYJ-20-300.
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Fig. 5. Typical output curves of WT and PV.
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scenarios 140, 139, 109, and 113 decrease by 76.5%, 76.1%,
35.6%, and 8.8%, respectively, indicating that the ADN oper‐
ation risks are effectively reduced through the proposed
BCP-DR-SRS model. In sum, the restricted degrees of sce‐
narios are objectively quantized by the scenario impact fac‐
tors to effectively solve various restricted operation prob‐
lems in the ADN planning.

To demonstrate the DG consumption ability of the ADN
optimized by BCP-DR-SRS model, the DG consumption be‐
fore and after planning is compared in Fig. 8. In Fig. 8, the
actual output curves of WT and PV after planning are higher
than those before planning, indicating a higher renewable en‐
ergy consumption in the target ADN. Considering all scenari‐
os, the average WT and PV consumption rates increase from
80.3% and 95.7% to 96.1% and 99.2%, respectively.

B. Comparison with Other Models

To illustrate the advantages of the proposed BCP-DR-SRS
model, other models are presented for comparison, i. e., bi-
level coordinated planning model considering SRSs (BCP-
SRS model), single-level planning model considering multi-
scenario technique [53] (SP-MT model) and single-level
planning model considering DR resources and multi-scenario
technique (SP-DR-MT model). According to [53], the plan‐
ning scenarios consist of four kinds of typical scenarios and
one kind of extreme scenario at each planning stage provid‐
ed by system operators, which are described with scenarios
24, 27, 31, 32, 35, 60, 63, 67, 68, 71, 96, 99, 103, 104, 107,
132, 135, 139, 140, and 143 in SP-MT and SP-DR-MT mod‐
els. The planning schemes of BCP-STS, SP-MT and SP-DR-
MT models are presented in Table VI.

1) Effect of DR on ADN Considering Multi-time-scales
The hourly power of load, DRs, and nodal injection at bus

39 in scenario 139 in SP-DR-MT model is shown in Fig. 9.
In the short time-scale, the peak load is controlled through
DR, which reduces the annual operation cost. The invest‐
ment costs of the four models are presented in Table VII. It
can be seen that the operation cost in the target year (C ope

target)
of SP-DR-MT model is ¥1155000 less than that of SP-MT
model, which proves the effectiveness of DR resources in

avoiding load shedding in some short-term scenarios through
dispatching the controlled load flexibly. In the long time-
scale, the reinforcement of L1-8 is delayed for one year and
that of L1-38 is canceled when comparing the planning
scheme of SP-MT model with that of SP-DR-MT model in
Table VI. In Table VII, the investment cost of lines and the to‐
tal investment cost Cinv of SP-DR-MT model are ¥1773500
and ¥1742200 less than those of SP-MT model, respectively,
which indicates the performance of DR resources in saving
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Fig. 8. Ideal and actual output curves of WT and PV in scenario 109. (a)
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TABLE VI
PLANNING SCHEMES OF BCP-SRS, SP-MT AND SP-DR-MT MODELS

Planning
stage

1

2

3

4

BCP-SRS

Line

LR
1- 8, LR

53- 14,

LR
1- 43, LA

1- 56,

LA
53- 61, LB

53- 60

LR
53- 26, LR

43- 44

LR
1- 38

Newly installed
ESS

ESS5

ESS23

ESS39

ESS54

ESS5

ESS23

ESS39

ESS54

Rated power of
ESS (MW)

0.4

1.4

0.9

1.1

0.4

0.6

0.4

0.9

Rated capacity of ESS
(MWh)

0.7

2.8

1.7

2.2

0.8

2.5

0.8

1.8

Line in SP-MT
[53]

LR
1- 8, LR

53- 14, LR
1- 43,

LA
1- 57, LA

53- 59,

LA
58- 62, LR

53- 14

LR
53- 26, LR

1- 38,
LR

43- 44

SP-DR-MT

Line

LR
53- 14, LR

1- 43,

LA
1- 57, LA

53- 59,

LA
58- 62, LB

53- 62

LR
1- 8

LR
53- 26, LR

43- 44

DR

DR9

DR39

DR39

Capacity of
DR (kW)

36

74

258
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the investment cost. In sum, the better economic dispatch in
the short time-scale and reduction of the investment cost in
the long time-scale can be realized with DR resources effec‐
tively.

2) Effect of SRS Screening Method on Cost and DG Con‐
sumption

The planning schemes of BCP-DR-SRS and SP-DR-MT
models are compared to illustrate the effect of the proposed
SRS screening method on investment and operation costs. It
can be seen from Tables IV and VI that new ESSs at nodes
5, 23, 33, and 40 are not installed in the planning scheme of
SP-DR-MT model because some scenarios with high risks
(e.g., scenarios 109 and 113) are not considered in the plan‐
ning phase. As shown in Table VII, the investment cost of
SP-DR-MT model is ¥20774100 less than that of BCP-DR-
SRS model; but the operation cost in the target year of SP-
DR-MT model is ¥25725200 more than that of BCP-DR-
SRS model. The different planning results of BCP-DR-SRS
and SP-DR-MT models indicate that the determination of
the planning scenario set has an obvious impact on the plan‐
ning result, which further influences the operation cost of
the ADN. As a result, the proposed SRS screening method
can screen out the correct scenarios to achieve a better trade-
off between the investment cost and the operation cost.

Figure 10 illustrates the operation cost difference between
BCP-DR-SRS model and SP-DR-MT model in scenarios 1-
6, 10-12, and 16, 17. In Fig. 10, the difference in scenario
17 is small and does not change much at planning stages.
However, taking scenario 5 as an example, the difference of
the operation cost increases stage by stage and reaches
¥54816 in the target year. BCP-DR-SRS model illustrates a

better adaptability to the operation scenarios varying with
the planning stages than the SP-DR-MT model.

In order to illustrate the effect of the SRS screening meth‐
od on improving the DG consumption ability of the ADN,
the penalty cost for WT and PV curtailment of four models
are presented in Table VIII. In Table VIII, the penalty cost
for WT and PV curtailment of BCP-SRS model is
￥3337300 less than that of SP-MT model during the whole
planning period, which indicates that more renewable energy
is efficiently consumed in the planned distribution network
considering the scenarios screened out by the proposed SRS
screening method.

In terms of computational burden, it is time-consuming to
solve the planning model with the universal operation scenar‐
io set. The calculation time of the planning problem with
BCP-DR-SRS model is 3 hours, which is acceptable for the
distribution network planner in practice. In conclusion, the
economic planning scheme can be achieved by the proposed
BCP-DR-SRS model with the SRS screening method under
an acceptable computation burden.

VI. CONCLUSION

In this paper, a bi-level coordinated planning model inte‐
grated with DR resources procurement and ESS/line configu‐
ration is proposed to deal with the increasing operation risks
of the ADN. A shadow-price-based screening method is pro‐
posed to screen out the SRSs for ADN planning. With the
coordinated optimization of the ADN operation and plan‐
ning, the proposed model not only meets the long-term de‐
velopment demand of the distribution network, but also pro‐
vides specific strategies for the short-term dispatch problem.
Finally, the effectiveness of the proposed model is validated
by the comparison between different ADN planning models

TABLE VII
COMPARISON OF INVESTMENT COSTS OF FOUR MODELS

Model

BCP-DR-
SRS

BCP-SRS

SP-MT
[53]

SP-DR-
MT

C inv
line

(¥107)

1.22422

1.38893

1.34468

1.16733

C inv
ESS

(¥107)

1.97789

1.97789

Ccap

(¥104)

4.56

4.56

C m
line

(¥105)

1.068

1.153

1.165

1.022

C m
ESS

(¥105)

4.217

4.217

C ope
target

(¥108)

1.092845

1.092885

1.361647

1.350097

Cinv

(¥107)

3.25952

3.42052

1.35633

1.18211
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Fig. 9. Hourly power of load, DR, and nodal injection at bus 39 in scenar‐
io 139.
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Fig. 10. Operation cost difference between BCP-DR-SRS model and SP-
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TABLE VIII
PENALTY COST FOR WT AND PV CURTAILMENT OF FOUR MODELS

Model

BCP-DR-SRS

BCP-SRS

SP-MT

SP-DR-MT

Penalty cost (¥)

Planning
stage 1

612500

614900

1128200

1125400

Planning
stage 2

527500

527500

1367200

1367200

Planning
stage 3

808200

813500

1758500

1750900

Planning
stage 4

1108500

1126800

2166100

2137600
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based on an actual distribution system. The main conclu‐
sions are summarized as follows.

1) The proposed bi-level coordinated planning model,
which regards DR as a new non-component means, can re‐
duce the operation cost of the distribution network by dis‐
patching the controllable load under SRSs in the short time-
scale and delay the investment of the component planning re‐
source by signing DR contracts in the long time-scale. Com‐
pared with component planning resources such as lines and
ESSs, the non-component resource DR is configured more
flexibly because of its low capacity price and short contract
term. A better trade-off between the long-term investment
cost and the short-term operation cost is obtained by the pro‐
posed model with DR resources in the ADN planning.

2) The proposed shadow price-based screening method ef‐
fectively screens out SRSs for the ADN planning from a uni‐
versal operation scenario set within an acceptable time. The
DG consumption level of the distribution network is effec‐
tively improved by the proposed planning model considering
the SRSs. Consequently, a balance between the network solu‐
tions and non-network solutions at multiple stages is
achieved through iterations between the upper level and low‐
er level, which simulates the information interaction process
between planners and operators of ADN.
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