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Simultaneous Optimization of Renewable Energy
and Energy Storage Capacity with the
Hierarchical Control

Zhaodi Shi, Weisheng Wang, Member, IEEE, Yuehui Huang, Pai Li, and Ling Dong

Abstract—To fully consider the complementary role of different
energy sources and reduce the curtailment of renewable energy
(RE) in high RE penetration systems, a hierarchical optimization
algorithm is proposed to simultaneously optimize the capacity of
RE generation and energy storage systems (ESS). Time sequence
simulation (TSS) technology is adopted to fully consider the
regional RE resource characteristics and make the model more
reliable. An optimization model for evaluating ESS capacity is
established at a lower level. To overcome the high dimensional
complexity of time sequence data, this paper re-formulates this
sub-model as a consensus problem, which can be solved by a
distributed approach to minimize the system’s total investment
costs. At the upper level, the model for assessing the proportion
of wind and solar capacity is developed by maximizing the
RE generation. The golden section Fibonacci tree optimization
(GSFTO) algorithm is utilized to improve the efficiency and
solution accuracy. The results show that the algorithm and
model are feasible and applicable for the identified purposes,
which can provide a useful guidance for the development of
power generation and the energy storage capacity in high RE
penetration systems.

Index Terms—Consensus problem, energy storage, planning,
renewable, time sequence simulation (TSS).

NOMENCLATURE

S Set of ESS types.

S ESS types.
0515 Charged/discharged energy efficiency.

o Self-discharging rate.

a® Amortization factor.

E? Energy in ESS s at time ¢.

P>t P®"  Charged/discharged energy at time t.
E} . Erin Maximum/minimum ESS capacity.
Wpnaxs Poin ~ Upper/lower coefficient of ESS s.
Epy Battery capacity of ESS s.
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u?t uP”  Charge/discharge state of storage s.
0%, Rated power/energy ratio.
t Cost of storage s at time .
Ciw Investment cost of storage s.
Cw Investment cost of wind turbine.
Cpv Investment cost of solar panel.
PP Power output of PV plant.
PV Power output of wind plant.
E,, Installed capacity of PV plant.
£y, Installed capacity of wind plant.
P Normalized PV generation.
2 Normalized wind generation.
P} Tie-line power at time .
NRE Curtailment ratio of renewable energy.
T Planning horizon.
I Set of all sub horizons.
28, 28 Design/boundary parameters.
9d, 9 Global design/boundary parameters.

C’ Feasible set of design variables.

' Beginning/end storage capacity of horizon.
Dual variables.

Update step size of dual variable.
Iteration number.

Group index mapping.

Element-wide index mapping.

Designed variables in lower level model.
Installed capacity of RE generation.

The ¢th item of the Fibonacci sequence.
Set of processing points of FTO.

Vector dimension of Fj.

Upper/lower bound of the F;.

Maximum depth of the Fibonacci tree.
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I. INTRODUCTION

HE development of renewable energy (RE) is significant

to cope with an energy crisis and environmental pollu-
tion [1], [2]. RE sources have remarkable characteristics of
variability and uncertainty, and energy storage systems (ESS)
can provide flexibility to mitigate the impact of RE access to
the grid [3], [4].

The planning standards of RE and ESS capacities in power
systems are different from previous standards. In the past, RE
capacity in the grid was small and ESS was planned without
considering RE characteristics. With large-scale RE sources
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Indicator to record the constraint conflict situation.
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connected to the grid, various ESS technologies are studied as
a mitigation of RE variability and uncertainty. Simultaneous
optimization of RE generation and ESS capacity for the RE-
ESS power plant are key issue for the future economic viability
of these RE resources [5]. Traditional methods usually plan
ESS and RE generation capacity separately, the ESS capacity
is normally guided according to the demand [6]-[9], which is
easy to be solved by meeting certain specified reliability in-
dices. However, without considering the RE generation feature,
the needed flexibility of ESS as a means of ensuring peak cut is
small, and the planned ESS capacity also will be reduced. So,
the planned ESS capacity usually is too conservative, resulting
in an increase in RE curtailment. In addition, this method is not
suitable of those power delivery systems without local demand.
Thus, in this work, we simultaneously optimize capacity of
ESS and RE generation in the high RE penetration system.

In recent years, scholars at home and abroad are paying
attention to the topic of capacity planning of ESS and RE.
The hybrid ESS and RE generation capacity is optimized
in [10] and [11] by some distributed optimization framework.
However, they all just optimize the energy storage and RE
capacity separately. Some studies have been conducted on
isolated grid planning and/or operation of specific types of
ESS [11]-[16]. The power constraint of the transmission line
is rarely considered, so they are not suitable for interconnected
systems.

The power system capacity planning model generally takes
the system cost as the objective function. Simultaneously
planning the capacity of ESS and RE generation means an
increase in decision variables and higher model dimensions,
which brings greater challenges to the solution. In addition, the
RE curtailment has become a serious problem in some regional
systems of China, therefore, another goal in this paper is to
relief the RE curtailment. We use a bi-level model to solve
multi-objective optimization problems [17], [18] and reduce
the difficulty of model solving.

An annual RE long-term time sequence is generally adopted
in planning models. The accurate probability density function
of RE generation usually is difficult to obtain to reflect the RE
complex characteristics. The existing research usually adopts a
typical day [19] method or Monte Carlo stochastic simulation
method [20], [21]. For example, the authors in [22] statistically
analyze the typical weather data to obtain the output of typical
PV generation. The authors in [23] proposed a stochastic,
multistage, co-planning model of transmission expansion with
ESS. To some extent, both methods have been well applied in
specific scenarios. However, the typical day method is difficult
to reflect annual output characteristics of RE power, while
the stochastic simulation method cannot indicate the temporal
characteristics of RE power. In addition, another limitation
of the existing renewable generation planning problem is the
difficulty to obtain various annual RE sequences in the re-
gion [24], existing methods generally only use historical data,
which reduces the confidence in capacity planning results due
to the small sample size. Therefore, time sequence simulation
(TSS) technology [25] is used in this paper to obtain the RE
sequence. One of the main advantages of TSS is the annual RE
planning can be incorporated into the power system, so it is

more scientific and reasonable. In addition, based on TSS, this
paper can generate multiple time sequences of RE according
to historical data to meet the RE characteristics of the region,
which can be used to solve the planning model and make the
planning results more general.

Based on our previous description and discussion, this
paper proposes a hierarchical optimization algorithm to jointly
plan the capacity of RE power and ESS. The TSS method
is adopted to generate the wind and PV sequences while
considering the time characteristics, as well as generating
multiple sets of RE output sequences for capacity planning
to increase the reliability of planning results. The ESS ca-
pacity is optimized in the lower level, the object function
is the minimum total investment cost while comprehensively
considering constraints, such as storage charge- discharge
characteristics, RE curtailment rates and so on. This model is
a mixed integer liner programming (MILP) problem and the
annual time sequence of RE is adopted as input. However, the
planning horizon of the problem increases with the larger size
of the data, which causes increasingly difficulties in solving
the problem. Therefore, we rewrite the original lower level
problem as a consensus problem [26], which can be solved
by the alternating direction multiplier method (ADMM) in a
parallel distribution manner [27]. The upper level is used to
optimize the capacity of the wind and solar plants, and total
renewable generation is used as the fitness function to update
the optimization direction of the search elements. The golden
section Fibonacci tree optimization (GSFTO) algorithm [28] is
adopted to solve the problem, which avoids the problem of the
algorithm’s convergence ability decreasing near the optimal
solution and the iteration process taking much more time
in the long-term planning models [29], [30]. The simulation
cases prove the rationality of the proposed model and the
feasibility of the algorithm. It has a guiding significance for
the formulation of RE generation and the ESS capacity in high
renewable penetration systems.

This paper is organized as follows. We describe the system
model in Section II. Section III formulates the optimization
problem. The proposed algorithms for solving the planning
model are introduced in Section IV. Section V provides
examples and results. The last section is the conclusion.

II. SYSTEM MODELS
A. Energy Storage Model

ESS is characterized by some parameters, and the following
equation is satisfied:

1
B — —PAt - E it PP>0
Ets-i,-l — t 775 t Ces t t =

o (H
E} —niPPAt — G E; if PP <0

where P¢ > 0 denotes ESS discharging power, 7 < 0 denotes
ESS charging power. Then we have the following substitution:

PE=P" P> PPt >0,P07 >0 2
So we rewrite (1) as:

) - 1. ,
B =E + Py At— —PTAt—-GE )
n

()
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The state of charge (SOC) constraint is composed of (3)
and the following equations.

?nin S E: S Ersnax (4)
Ersnax = wfnaxElfat ®)
Efnin = wfninE;al (6)

The minimum and maximum SOC of ESS are assumed to
be 20% and 95% of the installed energy capacity [31].
ESS needs to satisfy the continuity constraint as follows:
n(s;PSHr Po

t+1 t+1
AL - LA (7
By ks,

bat

E§+1 = Ets +
at

Additionally, the charging/discharging state constraints are
shown as follows:

0<uyt +ud” <1 ®)
uudT € {0,1}
where " and u}"~ are 0-1 integer variables, u{"t = 1 de-
notes the storage is charging and u§’+ = 0 denotes the storage
is not charging; Meanwhile u;'~ indicates the discharge state
of storage s.

0< PP <udtpst 9)
0< PP~ <uy” Pl (10)
Pyt = M08 B (11
Priax = (1/13) 06 Erax (12)

If 65 is not fixed, another designed variable can be intro-
duced. The investment cost is modified and defined by both
E3 .. and {P31  Ps—1.

max? m.

C; =d°cE;

mv max

13)

Due to substitution (2), the constraints (1) and (3) are
equivalent if only one element of each pair { P31\ P%— 1 is
non-zero for all s, ¢ [32].

B. Generator Model

All generators in this model are renewable generators, the
power stations include wind farms and the PV station.

1) PV Power Generation Constraint

0< P’ < pYEpy (14)
2) Wind Power Generation Constraint
0< PY <pEw 15)
C. Tie Line Power Constraint
PY4+ PP+ (P —PPt)< PVt (16)

ses
D. RE Curtailment Constraint

In addition to reducing the RE curtailment, we consider the
curtailment rate constraint:

(1 - T]RE) Z (Ewp‘tN + Epvpt)) < Z (th + Ptp)
teT teT

A7)

III. RE GENERATION AND ESS CAPACITY PLANNING
A. Optimal Planning Problem in the Lower Level

For RE units such as wind and solar power plants and energy
storage batteries considered in this paper, their operation and
maintenance costs usually account for less than 10% of the
investment cost of capacity, therefore, it has less impact
on capacity planning results. The existing methods usually
combine the capacity investment cost and the operational
and maintenance costs, and then simplify the model for easy
solution. Practice has shown that this method can be used in
capacity planning of high RE penetration systems. Therefore,
in this paper, we ignore the power cost of ESS.

The wind/solar/ESS model is established to optimize storage
capacity in the lower level. The planning objective in the
lower level model is to find the optimal capacity of ESS by
minimizing the total investment cost, allowing for most of the
needs of the power grid to be satisfied. The objective function
is the minimum investment cost of the energy storage battery
and RE power plants in the system:

f(Emaxa Xmax) = Z (Z (ascfnvEfnax) + (CWEW + CPVEPV))
teT seSs
(18)

where E,,x denotes the maximum ESS capacity.
Then the optimization problem for ESS capacity planning
can be formulated as:

min f(Ema:u anax)

subject to (1)-(17) (19)

By the analysis above, the ESS capacity planning model
in the high RE penetration system is established in the lower
level.

B. Optimal Planning Problem in the Upper Level

The intelligent optimization algorithm is adopted to opti-
mize the installed capacity of wind and solar power in the
upper level. It is necessary to give the objective function and
variable space constraints to guide the optimization direction
of the search element.

1) Objective Function

G=max) (PY+PP+> (PP7-P))
teT seS

(20)

where G is the objective function to maximize the RE gener-
ation, the optimization direction of the search elements in the
upper level is updated according to the value of G.

2) Variable Space Constraints

0< PP <pEp (21)
0< P <piEy (22)
E, + Epv = ERE (23)

The objective function and constraints above constitute the
model for capacity optimization of wind and PV power based
on maximizing power generation. The GSFTO algorithm is
used to solve this upper level model.
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To sum up, a simultaneous optimization model for optimiz-
ing RE generation and ESS capacity is proposed. In actual
practice, the relevant constraints can be selected according to
the real power grid applications.

IV. ALGORITHMS FOR SOLVING THE PROBLEM

A. Formulation of the Consensus Problem in the Lower Level

The consensus problem means that the control units in
the system are not directly controlled by the centralized
control system, but by the distributed control and update
their respective states according to their own and neighboring
unit information, thereby consistently completing the control
objectives. For the purposes of this paper, the wind farms and
PV power plants in the lower level model can be coordinated
locally by only interacting with the power and capacity infor-
mation of the adjacent units, so that the external power of the
whole RE generation system can meet the needs of the upper
level model. In addition, due to the volatility of renewable
energy output, historical data is often used to solve planning
problems in production time. Due to the randomness of RE,
historical data is mostly utilized in the problem formulation,
which leads to increasingly difficulties in solving the problem.
In this section, the original problem (19) is re-expressed as
a consensus problem, which can be solved in a distributed
manner.

In this paper, the whole planning horizon 7' is divided into
T?, then we can get T = U;c;T?. For simplicity, assume
T is chronologically arranged. gq3 = FEnax denotes the
global design parameters; z = E . represents the design
parameters of the jth scenario; C' denotes the feasible set for
the design variables, C' = N;crC*. An additional assumption is
made in [32] that E} = E%., i € I, which makes the resulting
solution suboptimal. Thus, we abandon this assumption and
add the additional consensus constraints to the scenario.

Setting z{ = [E§, El ... 9, B(i) as the globing boundary
parameters corresponding to [Ei'; BT and (zb)- corre-
sponds to gy, p(;,;)- Then the constraints E} = El_ e 1
can be rewritten as zjb = Ob,B(i);t € I. Let 2t = [zd,zb]
9 = [9a; gv] and g§ = [ga; b, B(»)]» (19) can be formulated as:

min Zfl

szCL zb el

subject to 2" = gk, i € I. (24)

Solving the problem (24), gq satisfy gq € C. It is worth
noting that, similar to equation (19), we have omitted some
optimization variables for non-decision variables for the sake

of simplicity in the calculation.

B. Distributed Optimization of Consensus Problem

Due to the number of computational scenarios and time
complexity increases, the planning problem becomes more
challenging to be solved. In this paper, based on the alternating
direction multiplier (ADMM) [33], a distributed manner is pro-
posed to solve (24), which can alleviate the time complexity
matter and enhance the extensibility of the model.

In order to perform the consensus (equality) constraint in
(24), we introduce a new quadratic term to the problem, and
the augmented Lagrangian is shown as follows.

-({#'}, 0. {2'}) =
S (F )+ (- h) 4 g - ablE) @)

el

Note that the difference between {2’} and g% is penalized
by the quadratic term.

With the advantages of the simple form, good convergence
and strong robustness, ADMM is an algorithm suitable for
solving a separable convex optimization. It gradually ap-
proaches the optimal solution in parallel by the following
iterative steps.

sz_l = argmlnL ({z } Ik, {:1: }) (26)

= argmin f (z") + 2 (2" — gb i) + g l|2* — ggkaz
zZlEC",zb

Jk+1 = (27)

arg min L, ({zﬁﬂ} . q, {wl})
g

= arg min Z (

el

(st1 = 9b) + 5 [| 1 — 9113)

We consider constraints in the consensus problem. So, g =
[9a; gb] and gl = [94; gb,B(#)]. Which makes (27) difficult to
solve, We need to consider g4 and g, separately to solve (27),
setting ' = [x’}; zi], (27) can be written as follows:

. i i T, 2
Gl = arggmlnz (wd,Tk (2a 41— 9a) + B} (B gde
iel
iT (i T 2
+ $b7k(zb7k+1 - gb,B(i)) + 9 sz,k+1 — 9b,B(3) H2
(28)
Solving for (28), the results are:
1 i 1
gdkt1 = 7 Z Zepr T —Ta g (29)
iel
Z_ (Gl + Habs)
B(i,j)€n
(Gby1)n = — 1 (30)
B(i,j)eEn

The global design variable gq will satisfy each sub-problem
constraint when ADMM converges, and gq € C'Vi €1, so
gq € C is obtained.

The update of dual variables =’ is guided by (31) in parallel.

Ty = Ty + T(2kp1 — IBKk+1) (31)

From the above iteration steps, it can be seen that each
sub-problem can be solved in parallel, which greatly reduces
the difficulty of problem solving caused by the increase of
scenarios and ensures the convergence of the algorithm. In
addition, an adaptive dual updating step 7 is introduced to
ensure the convergence speed. The convergence of each sub-
problem is judged on its own terms. According to the principle
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of ADMM, the primal residual ¢} and dual residual cpﬂ are
used as convergence indicators.

1 . A 2

||‘P£+1H2 AT Z Ziy — 9%,k+1"2 (32)
i€l
d _ T
letiill, =V (@1 — 90" (Ger1 — ) G3)
The update rule of 7 is as follows:

rime i [leplly > 2 [l

Terr = e/ it [[eil]], > 2 Rl 34

Tk otherwise

where 71 > 1 and ro > 1. The convergence condition of the
algorithm is:

sl < N |

where N, and Ny are a certain threshold determined by
absolute and relative convergence rates.

e, < Na (35)

C. Theoretical Analysis of the GSFTO Algorithm

Based on the basic structure of FTO [34], the Fibonacci tree
is constructed by two iterative rules. Let |R| = F;. @, @,
and x, satisfies the linear relationship as:

F;

—_ 36
Fin (36)

Ty = (mn - mm) +

W . .
Rule 1: Let {},, = Rand {z,} = {a:‘x eIl [mfb,xflb]},
i=1
respectively. xq denotes the component of vector x = [z, 3,

ey Xl ,xn]T, which satisfies a uniform distribution, and
the probability distributions can be expressed as P(X) =
U (21, ). Split point set {x}s can be obtained by (36).

Rule 2: Let @, = Thpest € R is the optimal solution of R,
and {x,,} = {x|r € RAx # x,, Split point set {x}; can be
obtained by (36).

FTO is a meta-heuristic optimal algorithm based on the
Fibonacci method, but the convergence ability of FTO de-
creases near the optimal solution. Reference [35] introduces
the golden section method into the control strategy of the
ultrasonic motor to improve the efficiency of the solution. This
paper adopts this approach and introduces the golden section
method into the FTO algorithm. So, we propose the GSFTO
method to improve global optimal ability and convergence,
meanwhile the solution space is updated by the optimality
of the golden section method in each iterative process. The
GSFTO algorithm is formulated in Algorithm 1.

The GSFTO algorithm is an intelligent optimization algo-
rithm based on the Fibonacci method. The algorithm solves the
optimal solution of the problem by alternating the iteration of
global exploration and local optimization. At the same time, it
makes full use of computer memory to record the optimization
process. The GSFTO algorithm not only guarantees global
optimization capability, but also has high local optimization
capability.

It can be seen that the optimal solution is obtained by
both global and local optimization, which can ensure that
the algorithm can provide the local optimal solution. The

Algorithm 1 GSFTO Algorithm
Initialization: iteration index N = 1, |R| = F;, Nyax;
1: for N = 1: Ny, do
2:  Obtain {x,} and {xs} using the Rule 1 with
Fi/Fi+1 = 0618,

3:  Obtain {xs2} using the Rule 2 with F;/F; 1 = 0.618;
4 Merge R, {z,}, {xs1} and {xs2};

5: if Fi+1 < Npmax then

6: F;+1 advantage points are retained;

7 |R| = Fl‘+1;

8: else

9: Nmax advantage points are retained;

10: |R| = Nmax

11:  end if

12: end for

Fibonacci tree growth process is based on the best of the
previous generations. The search formation of the element is
also a process of competition elimination. The global point is
randomly generated within the entire solution space, the lower
peaks will be discarded during the optimization process, thus
the integrity of the algorithm information is reduced.

In the growth process of the Fibonacci tree, the golden
space segmentation compression is performed on the solution
space, so that the search elements have different optimization
ranges at different levels. In addition, the optimality of GS
can be used to determine whether the current iteration needs
the most advantageous information from the last iteration. The
information can be utilized if the advantage of the last iteration
is within the solution space of the current iteration, otherwise,
the information of the last iteration will be discarded. There-
fore, the GSFTO algorithm can ensure the global optimization
ability while improving its local optimization abilities, and the
convergence of the algorithm is improved.

D. Hierarchical Optimization Algorithm

The steps of the hierarchical optimization algorithm pro-
posed in this paper are as follows:

Step 1: Ey and E,, are initialized using the GSFTO
algorithm in the upper level;

Step 2: The initial capacity obtained in Step 1 is introduced
into the lower level model. Combined with the normalized time
sequence power of wind and solar energy obtained from the
TSS method, the respective theoretical time sequence power
is obtained. The distributed manner is adopted to solve the
consensus problem, and the minimum investment cost of the
system under the optimal energy storage capacity is obtained;

Step 3: The initial Fy, and E,, and the optimal ESS power
are introduced to the upper level model. The GSFTO method
is adopted to optimize Ey,/Epy;

Step 4: The optimized E., /Ej, in Step 3 are returned again
to the lower level model, and the calculation is continued.
Thus, the updated investment cost of the system is obtained;

Step 5: Repeat Step 2-Step 4 for the iterative calculation
until the termination condition k& < Ny, . iS met;

Step 6: When the calculation is completed, the optimal
Ey/E,, and ESS capacity can be obtained.
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The flow chart of the hierarchical optimization algorithm is
shown in Fig. 1.

»

Initialization of wind power and
PV installed capacity E,, and E,,,

T«

Entering the consistent
iteration steps k =1

v

Solving the Consensus problem
to optimal £y,

Is there a solution?

E,, and E, are introduced into
the upper level model.
v

Solving the problem in upper level
to optimal £, and E,,,

f=k+1

t=t+1 E, and E, are
introduced into the
inner tier model

A

| Exporting the optimal solutions |

End

Fig. 1. Flow chart of hierarchical optimization algorithm.

V. CASE STUDIES

A number of cases using data processed using TSS are
provided to illustrate how the proposed model and method
are helpful to obtain RE generation and ESS capacity.

A. System and Data

A high penetration RE system in northern China is tested
in this paper; the schematic diagram of the system is shown in
Fig. 2, in which the total wind and PV capacity is 620 MW. It
can be seen that the power supply of this system is only wind
power and PV power, so this is strictly a 100% RE penetration
system. All plants converge on two 220 kV transformer
substations. In order to ensure that the RE sequence can reflect

PV power stations

PCC 500kV .
Eneagy_storage substation ~_ Grid
evices
Western
E substation
Wind farms "3.‘
O
i i i 220kV
substation
Eastern
substation

Fig. 2. Schematic diagram of multi energy system.

its volatility and randomness, this paper uses the TSS method
to generate RE sequence in the lower level. The wind and
PV power time sequences of four typical days in each season
and the whole year are depicted in Fig. 3. The utilization
hours of wind and PV power are 1,975 hours and 1,529 hours
respectively. One-year of data for the TSS method is used in
the test case, the planning horizon in this paper is a whole
year, At is set to 1 h, the sub planning horizon is 7 days, so
T =24 x 7 =168, J = 52. Table I shows the parameters.

—_

o <
N o0

——
Normalized wind power
S o o 9o

(= S R ) ]

Wind generation

RN
SRS

S s
2000 4000 6000
Hour of year

015 20 0
Time (h)

—~
&
N

0.8
0.6
0.4
0.2

Solar generation

Normalized PV power

&»

0 5 10 15 20
Time (h)

Hour of year

Fig. 3. Renewable power time sequences. (a) Typical days and hourly values
of annual wind power. (b) Typical days and hourly values of annual PV power.

TABLE 1
SIMULATION PARAMETERS
oy o Cw Cpv _— - 7IRE
(¥/Wh) (¥Wh) (¥Wh) &#Wh) min max (%)
0.218 0.0068  0.377 0.826 0.2 0.95 5

In this paper, the network constraints are not included in
the model. It can be seen that all the power sources in this
test system are concentrated in a very close space and can be
equivalent to a large power source. According to the practical
operational experience, the simplification we adopted has little
effect on the results of system planning. So, the network
constraints are neglected in this special test system.

B. Determination of Boundary Parameters

In practice, the transmission line capacity is designed
according to total generation, let Fj,. denote the capacity
proportion of the transmission line to the total generation.
Table II shows the ESS capacity and the curtailment rate of
RE under different Pj,.. We can see that the ESS capacity and
RE curtailment rate both decrease with the increasing of Pjige.
The results show the optimal ESS capacity is relatively close
and all RE curtailment rates are less than 5%. Thus, B, is
chosen as 40% in this section.

Let Nyax = 5 in the GSFTO algorithm. The calculation
results are shown in Fig. 4. Ey, /E,, is given as 0.5 to 2. We
can see that when Ey /E,, = 1, the curtailment rate is at a
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TABLE 11
INFLUENCE OF THE CAPACITY PROPORTION OF TIE-LINE TO TOTAL
GENERATION ON OPERATIONS

Pline (%) Epa MW-h)  nrEg (%)
20 137.92 1.66
45 136.74 3.28
50 135.81 2.24
55 133.77 1.37
60 131.56 0.84
9 600
=S 8¢ ] 500§ Cu
ga7t {0z
Z9 B .
556- 300§+wmd
22 S —v-pv
8¢ 5t 2008
3& S —# Total RE
B 4} 100 Z
3 0
04 06 08 1 12 14 16 18 2

Proportion of wind and solar capacity

Fig. 4. Curve between the proportion of wind and PV capacity and the RE
curtailment rate.

minimum of 4.47%. So, it is chosen as both the initial capacity
of wind and PV power and is set to 310 MW.

C. Comparison of Results with Different Methods

Let 7y, and 7,, denote the curtailment rates of wind and
PV power respectively. When the E, /EpV =1 and Py, =
248 MW (620 x 40%). The calculation results are shown
in Table III, the capacity of the ESS battery is 107.05 MW
and the RE curtailment rate is down to 4.37%, as well as the
curtailment rates of wind and PV power are 4.04% and 4.70%,
respectively.

TABLE III
INDEXES OF RENEWABLE ENERGY ACCOMMODATIO
The total cost/M¥  Epyy (MW-h)  nrg (%) 1w (%) npy (%)
414.37 107.05 4.37 4.04 4.70

Except for the proposed method, others methods are used to
optimize the capacity of wind and solar power in this system.
Method 2 is to replace the upper level search algorithm of
method 1 with the PSO algorithm. The parameters in the PSO
algorithm are set as follows: number of particles m = 3, par-
ticle inertia coefficient w = 0.4, learning factor ¢; = ¢y = 2,
the maximum/minimum inertia weights wmayx = 0.9/Wmin =
0.4, the maximum convergence speed Viax = 0.03, and the
sampling period Tpso = 0.015 [29]; Method 3 replaces the
generating RE sequence method in the lower level of method
1 with the typical day method. The wind and PV output of a
typical day in each season are selected to simulate the annual
output. The typical daily curve we selected here is shown in
Fig. 4. Table IV shows the optimization results of different
methods.

Method 1 is the hierarchical optimization algorithm pro-
posed in this paper. Comparing methods 1 and 2, the upper
level model using the GSFTO algorithm can effectively im-
prove the calculation accuracy, the total investment cost is
reduced by 1.23%, and the calculation time is reduced by

TABLE 1V
OPTIMAL SOLUTIONS OF DIFFERENT METHODS
method Upper level Lower level The ESS Ey Epy Calculation
e algorithm  algorithm  cost(M¥) (MW) (MW) time (min)
ADMM
1 GSFTO  ‘g1eq 41437 306 294 54
ADMM
2 PSO LTSS 41946 313 287 73
GsFro  ADMM 614 345 255 172
&typical day
4 GSFTO  TSS 41657 308 292 8.2
5 ADMM&TSS 41833 312 288 106

35.19%. The lower level model of Method 3 uses a typical
day operational mode. The four typical days of RE sequences
in Fig. 3 are used in Method 3. This mode considers the
reception of wind power and PV power in the most severe
cases. Compared with method 1, the total investment cost
increases by 2.84% and the calculation time of the method
3 model is raised by 218.52%. This result proves that the TSS
method can make the planning result more reliable. In order
to validate the effectiveness of the consensus problem and the
distributed optimization method proposed in this paper, the
results of Method 1 and Method 4 are compared. The lower
level of method 4 adopts the centralized control optimization,
which does not need the ADMM algorithm to solve it. The
results show that the difference of the ESS cost is 0.53%,
which can be considered to be very close. Compared with
the centralized control optimization, the distributed control
needs continuous interactive iteration because of the lack of
global information, which requires a long time to obtain.
However, it can effectively reduce the computational difficulty
of the parallel solution. The results show that the proposed
distributed method is still 34.1% more efficient than the
centralized method.

Method 5 is the single-level algorithm based on ADMM
& TSS, which simultaneously calculates the RE generation
capacity and storage capacity. The calculation results are
similar to method 2. Compared with method 1, the battery
capacity obtained is 110.96 (MW-h), so total investment cost
increases by 0.96%, and the calculation time is raised two
times. Method 5 is limited in the application of larger-scale
power systems, and the proposed algorithm has the better
accuracy and efficiency.

Figure 5 shows the total RE generation and curtailment of
RE under different hierarchical algorithms. Compared with the
other two methods, the curtailment of RE is reduced under the
proposed method 1 during all planning horizons, meanwhile
the total RE generation is increased, proving the effectiveness
of the proposed method in improving the RE accommodation.

D. Comparison of Results with Different RE Sequences

The results of [36] shows that if the input samples of the RE
sequences have the same annual utilization hours, probability
distribution characteristics and fluctuation characteristics, the
planning results will be very close, and the expected values
of the results within 60 times can be convergent. In this case,
we use the TSS method to generate 60 sets of wind and solar
energy sequences, and calculate the planning results of these
samples. The results show that the optimal total cost is between
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Fig. 5. Total RE generation and curtailment of RE under different algorithms.

412.86 and 417.74 M¥. Fig. 6(a) shows the convergence
of expectation of the total cost. The results show that the
optimal total cost converges to 414.37 M¥ with the increase
of simulation times. Fig. 6(b) is the optimal wind and solar
power capacity proportions of 60 samples. The results showed
that the proportions of 100 stochastic sequences ranged from
1.03 to 1.05, and the mean of all results was 1.04.
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Fig. 6. Results of 60 RE sequence samples. (a) Convergence curve for
expectation of the total cost. (b) The optimal wind and solar power capacity
proportions.

In addition, a typical scenario of an RE station in China
is taken to show the universal applicability of the proposed
method, the utilization hours of wind and PV power are
2,027 hours and 1,326 hours respectively in this scenario.
The results are shown in Table V. Compared with method
4, we can see that the proposed method still maintains better

TABLE V
OPTIMAL SOLUTIONS UNDER DIFFERENT SCENARIOS
Method The ESS  Ejy nRe  Pw Epy Calculation
cost (M¥) (MW:h) (%) MW) (MW) time (min)
1 412.06 102.50 1.06 364 236 5.6
4 416.74 111.72  1.09 381 219 10.3

accuracy and efficiency of optimization, the total investment
cost and the calculation time are reduced by 1.14% and
45.63% respectively, and the RE curtailment rate is down to
1.06%.

VI. CONCLUSION

We consider the problem of synchronously optimizing the
capacity of RE generation and ESS when considering the
power constraints of the tie-line, so that the research object
is not limited to an isolated power grid or distributed power
grid. To avoid the high-dimensional complexity caused by a
long-process annual time sequence, a hierarchical method is
introduced to solve the MILP model. The original lower level
programming problem is redefined as a consensus problem
and solved by using a parallel distributed framework, and
the GSFTO algorithm is adopted to solve the problem in
the upper level. The results show that the proposed method
can improve the computational accuracy, and the hierarchical
distributed control strategy is more effective than the single-
level control when dealing with multi-objective and high-
dimensional systems. TSS technology is used to describe the
characteristics of RE power, as well as generating multiple
sets of RE output sequences for capacity planning to increase
the reliability of the planning results, and the obtained results
are highly similar, which proves that the characteristics of RE
resources are fully considered in this paper. In addition, the
reasonable choice of boundary parameters has a noticeable
impact on the calculation results. Some guidance is given for
the optimal capacity of ESS and renewable generation under
low RE curtailment, which potentially allows for better results
with RE utilization.
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