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An integrated generation, transmission, and energy storage planning model accounting for short-term con-
straints and long-term uncertainty is proposed. The model allows to accurately quantify the value of flexibility
options in renewable power systems by representing short-term operation through the unit commitment
constraints. Long-term uncertainty is represented through a scenario tree. The resulting model is a large-
scale multi-stage stochastic mixed-integer programming problem. To overcome the computational burden, a
distributed computing framework based on the novel Column Generation and Sharing algorithm is proposed.
The performance improvement of the proposed approach is demonstrated through study cases applied to the
NREL 118-bus power system. The results confirm the added value of modeling short-term constraints and long-
term uncertainty simultaneously. The computational case studies show that the proposed solution approach
clearly outperforms the state of the art in terms of computational performance and accuracy. The proposed
planning framework is used to assess the value of energy storage systems in the transition to a low-carbon
power system.
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1. Introduction system. This leads to an increase in the complexity of the model.

Therefore, different approaches have been proposed to consider short-

Low-carbon power systems of the future will be dominated by
renewable energy sources (RES). A large utilization of variable RES will
increase the flexibility requirements of power systems [1]. Flexibility
is defined as the ability of power systems to adapt to variability and
uncertainty in demand and generation [2,3]. Flexibility is a critical
aspect to be considered in the capacity planning process [4]. Neglecting

term constraints in long-term planning while maintaining the problem
computationally tractable [5,8-11]. In [8], the unit commitment (UC)
problem was included in generation expansion planning. To avoid
tractability issues, a reduced number of units and a planning horizon of
a single year represented by five typical weeks were considered. In [9],

short-term details in long-term planning leads to an underestimation
of the flexibility requirements and can result in suboptimal or even
infeasible generation portfolios [5]. Neglecting short-term details also
underestimates the value of flexibility options, such as energy storage
systems (ESSs) [6]. Therefore, short-term flexibility issues should be
represented in long-term planning models to efficiently integrate high
levels of RES. Furthermore, the coordination between generation and
transmission planning is considered to have a substantial impact on the
optimal generation-flexibility mix [4,7]. Since investments are made for
the long term, with several parameters being uncertain at the moment
of decision, there is a strong need to represent long-term uncertainty to
anticipate future scenarios and avoid the risk of locking into inefficient
investment decisions [7].

Including short-term flexibility requirements in long-term planning
requires a finer representation of the hourly operation of the power

the model complexity was reduced by considering a linear version
of the UC problem and a reduced set of operating periods. Ref. [5]
proposed clustering generators into equivalent plants to reduce the
number of binary variables, obtaining a 99 % reduction in the solution
time. In [10], complexity was overcome by using a convex relaxation
of the UC problem to represent the operation of the power system.
Results show that the formulation is tractable, and the solution is more
accurate compared with [5]. In [11], transmission constraints were
included in the clustered UC. Tractability was maintained by relaxing
the integrality of the commitment state. In [12], a generation and
transmission planning model including electric vehicles and ramping
constraints was proposed. The model was kept tractable by consider-
ing six representative days to model the yearly operation. Although
the methods presented in [5,8-12] reported clear improvements, only
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Nomenclature

Investment decisions

I, Vector of additional units installed in node n.

I:f . Additional units of ESS e installed in node n.

If”g Additional units of generator g installed in node
n.

Ir];[ Additional lines / installed in node n.

z, Vector of total installed units in node n.

zF, Total installed units of ESS e in node n.

Z’fg Total installed units of generator g in node n.

zk, Total installed lines / in node ».

Operational decisions

D,,, # shutdowns for generator g at hour 7 in node
n.

E,.. Energy stored in ESS e at hour ¢ in node n
[MWh].

Fo. Flow on line / at hour ¢ in node n [MW].

Lf;’ b Load shedding at bus b at hour ¢ in node n [MW].

P, e Output power of generator g at hour ¢ in node n
[MW].

Pl Power consumed by ESS e at hour 7 in node n
[MW].

P’fm Power delivered by ESS e at hour 7 in node n
[MW].

REr[“: Primary reserve of ESS e at hour 7 in node n
[MW].

szti: Primary reserve of generator g at hour ¢ in node
n [MW].

R, Downward secondary reserve of ESS e at hour ¢
in node n [MW].

R, Downward secondary reserve of generator g at
hour ¢ in node n [MW].

_jfze Upward secondary reserve of ESS e at hour ¢ in
node n [MW].

—;etc ‘ Upward secondary reserve of generator g at
hour ¢ in node n [MW].

Shie # of start-ups of generator g at hour 7 in node n.

Upig # of committed units of generator g at hour ¢ in
node n.

Ui, # of units of ESS e charging at hour ¢ in node n.

U, # of units of ESS e discharging at hour ¢ in node
n.

X, Vector of operational variables in node n.

Parameters

aﬁf’fg % of available generation of one unit of
generator g at hour ¢ in node n.

deterministic static planning for a target year was performed, and
long-term uncertainty was not considered.

Extending the deterministic static planning model, [13-15] deal
with the multi-year power system planning problem. In [13], a deter-
ministic multi-year generation expansion planning model including UC
constraints was developed. Tractability was maintained by using twelve
representative days to model the yearly operation. A decomposition
approach was proposed in [14] to solve the deterministic multi-year
generation planning problem including UC constraints. Results showed
that the Dantzig-Wolfe decomposition allows to solve the problem

aR % of variable generation output covered by
secondary reserve.

pRP Minimum duration of primary reserve [h].

pRs Minimum duration of secondary reserve [h].

Ve Emission factor of ESS e [t CO,/MWh].

Ye Emission factor of generator g [t CO,/MWh].

rr= Maximum CO, emission in node n [t CO,].

ARP Time interval by which primary reserve must be
fully active [h].

ARs Time interval by which secondary reserve must
be fully active [h].

ns Charging efficiency of ESS e.

7 Discharging efficiency of ESS e.

nd Self discharge per hour of ESS e [h~1].

rgff Minimum off time of generator g [h].

1-;“ Minimum on time of generator g [h].

b, Probability of node n.

A, Matrix coupling operational and investment
decisions in node n.

c;‘” Vector of investment cost in node n.

c:l“: Investment cost of ESS e in node n [EUR/MW].

CE:;;/ Investment cost of generator g in node n
[EUR/MW].

c;,"lv Investment cost of line / in node n [EUR/MW].

e Vector of operational cost in node .

Cé Start-up cost of generator g [EUR].

P Unsupplied demand cost in node n [EUR/MWh].

e Variable cost of ESS e in node n [EUR/MWh].

g Variable cost of generator g in node n
[EUR/MWh].

dysp Load at bus b at hour ¢ in node n [MW].

EM¥ Maximum energy of a unit of ESS e [MWh].

Emin Minimum energy of a unit of ESS e [MWh].

Flmax Maximum capacity of line / [MW].

pemax Maximum charge power of a unit of ESS e
[MW].

P¢ min Minimum charge power of a unit of ESS e [MW].

Pj‘m”‘x Maximum discharge power of a unit of ESS e
[MW].

Pedmin Minimum discharge power of a unit of ESS e
[MW].

ppne Maximum capacity of a unit of generator g
[MW].

P;‘i“ Minimum capacity of a unit of generator g
[MW].

rS“ Maximum downward ramp rate of a unit of ESS
e [MW/h].

rg“ Maximum downward ramp rate of a unit of
generator g [MW/h].

efficiently. In [15], a deterministic multi-year transmission and gener-
ation expansion planning under CO, and local pollutant emission taxes
was proposed. A non-chronological representation of the operation
was used. In Refs. [13-15], aspects such as long-term uncertainty and
energy storage systems were not included.

Including long-term uncertainty in power system planning rep-
resents a challenge in terms of the tractability of the optimization
problem [4]. Therefore, decomposition methods and relaxed opera-
tional models were used to solve the problem efficiently. A multi-
stage stochastic mixed-integer generation expansion planning model
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72“‘“ Maximum primary reserve of a unit of generator
g [MW].

rff Required upward primary reserve at hour ¢ in
node n [MW].

rﬁj Required secondary reserve to cover load devi-
ations at hour ¢ in node n [MW].

F;SC Maximum secondary reserve of a unit of
generator g [MW].

P Maximum upward ramp rate of a unit of ESS e
[MW/h].

rg Maximum upward ramp rate of a unit of
generator g [MW/h].

U {0, 1} vector indicating if asset is an existing or
a candidate asset.

z° Vector of installed units of existing assets.

ZE0 Installed units of existing ESS e.

ZES“"‘ Maximum total installed units of ESS e in node
n.

ZSO Installed units of existing generator g.

Z,?g““‘ Maximum total installed units of generator g in
node n.

zo Installed units of existing line 1.

Z":;“a" Maximum total installed lines / in node n.

zm Vector of maximum total installed units in node
n.

Sets

Q, Set of sibling nodes of node n.

B Set of all system buses.

& Set of all ESSs.

& Set of all existing ESSs.

& Set of ESSs connected to bus b.

Enew Set of all candidate ESSs.

G Set of all generators.

Gy Set of all existing generators.

G, Set of generators connected to bus b.

Grew Set of all candidate generators.

Gy Set of all thermal generators.

Gyr Set of all variable renewable generators.

K, Set of indices of elements in Z,,.

L Set of all transmission lines.

L, Set of all existing transmission lines.

L., Set of all candidate transmission lines.

Libn Set of lines incoming to bus b.

Lo Set of lines outgoing from bus b.

N Set of nodes in scenario tree.

P, Set of all predecessors of n in scenario tree.

S Set of stages in scenario tree.

T Set of operational time periods.

X, Set of feasible operational decisions in node n.

Z, Set of feasible total installed units in node n.

considering different environmental policies was proposed in [16].
A simplified representation of the operation without unit commit-
ment constraints was used. The model was solved heuristically using
a rolling-horizon approach. In [17], a multi-stage stochastic linear
generation and transmission planning model was developed. The model
represents the operation by an economic dispatch with ramp rate
constraints. Unit commitment constraints such as minimum power,
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operating times, and reserves were neglected. The Progressive Hedging
(PH) algorithm was used to decompose the linear problem through
scenarios and reduce solution times. In [18], the multi-stage stochastic
transmission and ESS planning problem was dealt with. A method based
on Nested Benders Decomposition (NBD) was proposed. The operation
was represented by a DC power flow with no consideration of UC con-
straints. The NBD approach allowed to solve the problem, achieving a
solution with a 1.11% optimality gap. However, the methods presented
in [16-18] do not cover long-term uncertainty and UC constraints in
a unique planning framework. More recently, a stochastic generation
and storage planning model with a more detailed operational model
was proposed in [19]. To solve the problem using Stochastic Dual
Dynamic Integer Programming, uncertainty was assumed to be stage-
wise independent. Although the accuracy of the model was improved,
the stage-wise independence assumption is rather restrictive [20].

The contributions of this paper are threefold. Firstly, an integrated
multi-stage stochastic generation, transmission, and energy storage
planning model accounting for short-term flexibility requirements is
proposed. The model enables an accurate representation of both short-
term operation and long-term uncertainty in a unique planning frame-
work. Thus, the value of investing in flexibility options can be correctly
assessed. Due to the significant role that energy storage systems will
play in renewable power systems, a general ESS model is proposed
to represent the most important characteristics of the different tech-
nologies. The resulting planning model is a large-scale mixed-integer
programming (MIP). Therefore, the second contribution is the devel-
opment of a parallel processing solution framework for leveraging
high-performance distributed computing in long-term planning un-
der uncertainty. The proposed framework makes use of the novel
Column Generation and Sharing decomposition to separate the prob-
lem in several smaller subproblems that can be solved in parallel.
Thirdly, extensive computational experiments are conducted to study
the performance and added value of the proposed method in two
aspects. On the one hand, different planning models are compared to
analyze the improvement in solution quality when considering both
short-term constraints and long-term uncertainty. On the other hand,
different state-of-the-art decomposition methods are implemented and
compared with the proposed methodology. Results show that the pro-
posed methodology increases the solution speed by 86 % and allows to
solve instances that cannot be handled by existing methods.

The framework proposed in this paper differs in several aspects
from [19]. Firstly, the model proposed here considers investment also
in transmission. Secondly, the operational model for the generators
is more accurate, including also operating times constraints originally
neglected. Thirdly, the ESS model proposed here is more general in-
cluding also minimum and maximum charge and discharge power and
ramp rates. Moreover, ESS can participate also in reserve provision.
Fourthly, the highly restrictive stage-wise independence assumption is
not required by the novel solution method.

The remainder of this paper is organized as follows. The multi-stage
stochastic generation, transmission, and storage expansion planning
model is proposed in Section 2. The details of the parallel solution
framework are presented in Section 3. The performance and added
value of the solution method are shown through computational exper-
iments in Section 4. In Section 5, the proposed planning framework is
used to assess the value of ESSs in the transition to a low-carbon power
system for a realistic-size system. Section 6 summarizes the conclusions.

2. Multi-stage stochastic power system planning model

The power system planning problem is a multi-stage stochastic
problem as several parameters are uncertain at the moment of decision.
Investments can be made in different assets such as generation, trans-
mission, and ESSs. In Section 2.1, a base stochastic planning model is
presented, and the treatment of long-term uncertainty is explained. In
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Fig. 1. Scenario tree representation of uncertainties over |S| decision stages, node n
at stage s representing possible state of uncertain parameters.

Section 2.2, the integrated multi-stage stochastic power system plan-
ning model with flexibility requirements is developed. The flexibility
requirements are modeled through a unit commitment. A general model
for ESSs is proposed, with the aim of representing the capabilities and
limitations of different ESS technologies. A CO, emission constraint is
included to enforce the transition to a low-carbon system. This will
allow to study the optimal mix of generation, ESSs, and transmission
for a cost-effective power system transformation.

2.1. Base multi-stage stochastic power system planning model

The power system planning model is formulated as a multi-stage
stochastic problem to account for long-term uncertainty. The scenario-
tree-based formulation of [21] serves as a suitable general basis for
extension and modification. In the power system planning problem,
long-term uncertainty is associated with different parameters, such as
fuel prices, investment costs, and future demand. Long-term uncer-
tainty is modeled by a scenario tree over |S| decision stages,' as in
Fig. 1. Node n in stage s of the tree constitutes a potential state of the
uncertain parameters at stage s. Set P, indicates the predecessor nodes
of n. Set £2, denotes the sibling nodes of n. The root node represents the
initial state of the system. In this node, only investment decisions are
made. The following nodes consist of an operational phase, followed by
an investment phase where the investments for the successor nodes are
decided. In this structure, new assets are available to operate one stage
after their investment is decided. This multi-stage approach allows
to make investment decisions at several points in time and consider
the information about the uncertain parameters that is known at the
current stage. Short-term uncertainty is not explicitly represented in the
multi-stage approach. Nevertheless, the effect of short-term uncertainty
on the investment decisions is captured in the model presented in
Section 2.2.

Following the scenario-tree-based formulation, the base multi-stage
stochastic power system planning model is described by objective
function (1) and constraints (2)-(20). Objective function (1) minimizes
the expected sum of investment and operational costs. Investments can
be made in generating units, transmission lines, and energy storage
systems. Constraints (2)-(4) are the non-anticipativity constraints [22].
They relate the investments made in the different assets at the pre-
decessor nodes of n with the total installed units in node n. A delay
of one stage between the investment decision and the availability
of the asset is considered. Constraints (2)-(4) also limit the num-
ber of total installed units in node n. The transmission system is
represented by a transportation model [23]. Therefore, constraints
pertaining to the transmission network are (5)-(6), in addition to
the non-anticipativity constraint on transmission investments (4). Con-
straint (5) ensures the power balance at each bus of the system for

1 A stage could represent a year or periods comprising multiple years.
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each hour of the operational stage. Constraint (6) limits maximum
flows through the transmission lines to the respective installed capacity.
The simplified model of the generators considers only the maximum
generation limit for thermal generators, given by (7). The power of RES
generators is limited by the installed units and the availability of the
primary source, as shown in (8). The simplified model for ESSs con-
siders the energy balance (9), minimum and maximum energy storage
levels (10), and maximum charge and discharge power constraints (11).
Constraint (10) allows to limit the energy level of the energy storage
to prevent accelerated degradation. For some battery energy storage
technologies, it is suggested to avoid operating at a very low or very
high state of charge to prevent premature aging [24,25].

min 3 g [ X emifo+ 3 aniioe ¥ aniy ™
HEN  8EGney e€Epew 1€ Lpeys
d
+z(z ‘EP’U& Z r\;ante
teT  geG ee€
UD S
+ Z ¢ Ly )]
st: Z9 < D I3 < zgm Vn, VgeG @
heP,
ZE < Y IE, < zEm Vn, Vee& 3
heP,
zh < 3 Iy, <zl Vn, VIEL “
heP,

Z n1g+z( nte nte)+ Z

2€Gy, e€&y IGL'"
= Y P+ Ly, =duy Van,t,b (5)

leLl)ul
- F™Zy < Foy S ™77, Va,t,l 6)
Py < Z) P Vnt Vg €Gry @)
P < Zp PR ol Vn,t, Vg €Gyy ®)
Eye=(U=nYE, _ +niP;,  —Po /1t Vn,te 9
EMZP <E, <E™Z;, Vn,te (10)
d dmax g max —E

Pl <P ZE PE < PSNZE Yn,t,e an
79, =23 Vn, VgeG, (12)
zy, =z Vn, Vee& (13)
zy, =2z Yn, VieL, 14
Ifg = ngO Vg €G, 15)
Iy, =2z>* Vee§g, (16)
I =z viel, a7
I,,G,g= Vn>1, VgeQG, (18)
1£e= Vn>1, Veeg& 19
InL1= Vn>1, VIeL, (20)

Constraints (12)—(20) are introduced to model existing assets. Con-
straints (12)-(14) set the number of installed units of existing assets
in every node n to the number of existing units at the root node. To
maintain the consistency of the model, constraints (15)-(17) set the
number of additional units installed at the root node to the number of
existing units. After the root node, no additional units can be installed
for existing assets, as stated by (18)—(20).

2.2. Integrated multi-stage stochastic power system planning with flexibility
requirements

The proposed integrated planning model improves the model pre-
sented in Section 2.1 by including a detailed representation of the
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hourly operation in the form of unit commitment constraints. This is the
first of the scientific contributions listed in Section 1. The hourly rep-
resentation of the operation allows capturing demand and renewable
generation variability. The unit commitment constraints capture the
ability of generation and energy storage technologies to respond to this
variability. Also, the operating reserve constraints of the unit commit-
ment model allow to represent short-term uncertainty. The flexibility
requirements of power systems with high penetration of renewable
energy can so be quantified accurately. Thus, the value of investing
in flexibility options can be assessed. The flexibility options considered
in the planning model are energy storage systems and open-cycle gas
turbines. The UC model developed here comprises system, generator,
and ESS constraints. The system constraints cover the power balance,
operating reserve requirements, and CO, emission limits. The opera-
tional model of generators includes minimum and maximum output
power, minimum operation time intervals, ramping rates, and reserve
capability constraints. In the case of the ESS, the operation model not
only considers the energy balance constraint but also minimum and
maximum charge and discharge power, ramping rates, and operating
reserve constraints, improving the ESS representation used for planning
purposes so far [18,19].

In the proposed integrated model, long-term uncertainty is rep-
resented by the scenario-tree-based formulation of Section 2.1. The
impact of short-term uncertainty in investment decisions is implic-
itly modeled by operating reserve requirements. Operating reserves
are allocated to manage uncertainty in the short-term operation [26,
27]. These reserve requirements will encourage investing in flexibil-
ity options to cope with imbalances caused by short-term load and
RES uncertainty. Moreover, the detailed representation of the hourly
operation eliminates the need for an explicit model of short-term uncer-
tainties. In [28], a power system planning model considering short-term
uncertainty and a counterpart without short-term uncertainty were
compared. Results show that the difference in total costs and invest-
ment decisions obtained by both models is almost negligible if the
short-term operational constraints are included and a sufficient number
of representative days is used. This is because the flexibility options
installed to cope with hourly variability of demand and renewable
generation will provide most of the flexibility required to respond to
imbalances caused by short-term uncertainty.

Incorporating the UC in long-term planning leads to a
high-dimensional problem. To reduce the size of the problem, a clus-
tered UC model is used. A similar formulation was used in [5] for
deterministic static planning. As opposed to [5], the proposed model
includes long-term uncertainty, ESSs, and the transmission network.
In the clustered UC, generating units with similar characteristics are
combined into a single equivalent generator with multiple units. There-
fore, investment and commitment decisions become integer variables.
In what follows, the system, generator, and ESS constraints are intro-
duced.

2.2.1. System constraints

In addition to the power balance (5), constraints such as operating
reserve and emission limits are included. Constraints (21)—(23) repre-
sent the primary and secondary reserve requirements. These reserves
can be deployed in real time to manage imbalances due to short-term
uncertainty of generation and load [26,27]. Primary reserve is required
to limit frequency excursions after a disturbance or event [27,29]. In
this work, primary reserve is determined such that a sudden loss of
generated power can be covered, thus upward primary reserve is being
quantified. Primary reserve resources must be fully operational within
seconds. Secondary reserve aims to restore the system frequency and to
release the primary reserve. Secondary reserve must be fully available
within minutes [27]. Including operating reserve requirements allows
to model short-term uncertainty implicitly. Constraint (24) imposes a
maximum limit on the CO, emissions from thermal generation and
ESSs. The CO, emission coefficient y, is greater than zero for energy
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storage technologies that use fossil fuels, such as compressed air energy
storage.

pum prim
Z Rntg ZRnte = nt Vn’t (21)
g€Gry ee&
—sec —sec
Ryet D Rue= 2 Py V1 22)
g€Cry 1= gEGVR
sec sec Rs
Z Rn1g+z§nfe_ 2 a nngrnt Vn,t (23)
g€Gry eef gEGyR
d
2D VePugt D v P )< I Vn 24)
teT gelry ee&

2.2.2. Generating unit constraints

The operation of the generators is modeled by (25)-(35). Maximum
and minimum generation limits are imposed by constraints (25) and
(26), respectively. Constraints (27)-(29) represent the maximum pri-
mary and secondary reserve that can be provided by generators. These
limits consider also that reserve capacity is limited by the ramping
rates. Start-up and shut-down variables are included to represent start-
up costs and to constrain minimum operation times. These variables are
related through the unit commitment state equation (30). The ramping
limits of generators are imposed by (31) and (32). It is assumed that,
when a unit is started, its output is limited by Pg‘““. When a unit is
shut down, it can immediately reduce its power from P;“i“ to zero.
Constraints (33) and (34) impose minimum operating times. Constraint
(35) restricts the number of units that can be committed to the number
of units that have been built.

Pog+ R+ R,”g SU PP Vn,t, Vg €Gry (25)
Unig P + RS < Py Vnt, Vg € Gy (26)
RZ‘;;‘} < Un,g“’“m Vnt, Vg €Gry 27
—Sec
ngsUMg . Vn,t, Vg €lry (28)
B:ft“g < U,,’,’gaec Vnt, Vg €GlGry (29)
Un,r,g =Unt-l1¢g + Sﬂ,r,g - Dntg Vn,t, Vg € GTH (30)
Porg = Puictg SUnicigly + SuigPi™  Vnit, Vg €Gry 3D
Poiig —P,,,g SUpc g8 + Dy o PM™ Vi, Vg €Gry (32)
Upig 2 Z Syt g Vn,t, Vg €Gry (33)
t’=t—‘r°“
Upig > Z D,,,, Vnt, Vg €Gy (34
t'=t—1g
Unig < Zpy Vnt, Vg &Gy (35)

2.2.3. Energy storage system constraints

The operation of ESSs is modeled by (36)-(47), in addition to the
energy balance (9) and storage capacity constraint (10). Maximum and
minimum discharge and charge power are represented by (36) and
(37), respectively. Minimum power is required for some technologies
such as pumped hydro storage or compressed air energy storage. Ramp-
ing limits are imposed by (38) and (39). Constraints (40) and (41)
ensure that there is sufficient energy in the storage system to provide
operating reserve during the required time. It is stated that the energy
at the end of the reserve provision time must be within the capacity
limits of the storage system [30]. Not including this can result in an
overestimation of the capabilities of ESS. It is assumed that the reserve
provision time does not exceed the one-hour time step of the model.
The power that an ESS can provide for reserve depends on the charging
power and discharging power of the ESS, as shown in (42) and (43).
The reserve provision of the ESS is limited by its maximum ramp rates,
as shown in (44)-(46). Constraint (47) limits the number of storage
units that can operate to the number of units that have been built.

dmmUEd <pl < PdmaxUEd Vn,te (36)

nte — " nte — nte
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2.2.4. Integrated multi-stage stochastic power system planning model

The multi-stage stochastic power system planning model with flex-
ibility constraints is described by problem (48). The objective function
(48a) now includes the start-up costs. Variables If’g, Ife, Irlf/’ ZnGg, Z::e,
Z Upyg Uiy USRSy, and D, are integers, variable F,,; is a
continuous variable, the remaining ones are non-negative continuous

variables.

min Y g, [ X anif+ X anifor X iy (482)
neN 8E€G ey e€E ew 1€ L ey
DL (U P + S ) + X L0 P,
teT geG eef
18)5)

Z Lntb) ]

beB
s.t.: (2)-(6), (8)—(10), (12)-(20), (21)—(47). (48b)

3. Parallel solution framework

The multi-stage stochastic planning problem presented in
Section 2.2 is a large-scale mixed-integer programming problem. Even
corresponding deterministic models are known to be challenging to
solve [14]. Furthermore, the multi-stage stochastic problem becomes
easily intractable. Even for small-size systems, the model could be
too large to be solved by existing commercial solvers. Therefore, a
well-suited solution method is required.

The proposed parallel solution framework is depicted in Fig. 2. First,
problem (48) is decomposed into a master problem and |N'| subprob-
lems using the Dantzig—Wolfe reformulation described in Appendix A.
Following the reformulation, a parallel solution using distributed com-
puting is enabled by the novel Column Generation & Sharing (CG&S)
method. There, the master problem and subproblems are constructed
on the master and worker processors, respectively. An optimal solution
to problem (48) is found iteratively by the workers coordinated by the
master processor. The main innovative feature is the Column Sharing
(CS) procedure, which leads to a significant speed-up by sharing infor-
mation among the subproblems. The proposed CG&S method extends
the standard Column Generation (CG) [31] algorithm. It allows to
exploit not only the diagonal block structure of problem (48), but also
the scenario tree structure. The diagonal block structure is exploited by
the decomposition, while the scenario tree structure is exploited by the
novel Column Sharing procedure.

The proposed parallel solution framework is the second scientific
contribution listed in Section 1. In Section 3.1, the CG&S method
is presented, and the distributed computing implementation is dis-
cussed. In Section 3.2, the novel Column Sharing procedure is proposed.
Section 3.3 discusses the convergence guarantee of the CG&S method.
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3.1. Column generation and sharing method

Fig. 2 depicts the Column Generation and Sharing method within
the parallel solution framework. Before starting the CG&S method,
problem (48) is reformulated using the Dantzig—-Wolfe decomposition.
The details of the proposed reformulation are described in Appendix A.
By this mean, a master problem (MP) and || subproblems S P, are ob-
tained. Then, the master problem and the subproblems are constructed
in the master and worker processors, respectively. Over the course of
the CG&S method, problem (48) is solved in a distributed fashion by the
workers through the coordination of the master processor. Information
flows between the processors as depicted by the dashed lines in Fig. 2.
The openMPI implementation of the Message Passing Interface is used
to communicate between the processors.

The CG&S method starts by solving the linear programming (LP)
relaxation of the master problem in the master processor. In this step,
dual prices (=, #,) are obtained for each node n of the scenario tree.
The dual prices are sent to the worker processors, as shown in Fig. 2.
In the workers, the subproblems are solved to generate columns with
minimum reduced cost z,’, defined in Appendix A. A column is defined
as a pair of feasible total installed units and its associated optimal
operation for node n, denoted by {Z ,,,)A( »}. The columns generated by
the subproblems and their reduced cost z,’ are sent back to the master
Pprocessor.

In a next step, the novel Column Sharing procedure is applied. Here,
columns are shared among the workers to generate additional columns
{2;,)?;} that improve the efficiency of the algorithm. The columns
generated by the Column Sharing procedure are sent back to the master
processor, as shown in Fig. 2. Afterwards, the columns are added to the
MP. In the case of the columns generated by the subproblems, only the
ones with negative reduced cost z,’ are added to the MP. In the case of
the columns generated by the CS procedure, all of them are added to
the MP. Then, the LP gap is computed as in [32], and the termination
criterion is checked. If columns with negative reduced cost exist, a new
iteration is performed. If not, the termination criterion is met®> with
gaprp =0 [32].

Since the LP relaxation of the master problem is being solved,
fractional values can be obtained. Therefore, integrality of the solution
is enforced after the termination criterion is met, by solving the Integer
MP. Then, the MIP gap is computed, and the algorithm terminates.®

3.2. Novel column sharing procedure

The aim of the Column Sharing procedure is to overcome known
convergence issues of the CG approach [31]. In general, convergence
of the CG approach could be improved if more information were added
to the master problem [32]. In this sense, the idea is to exploit the
scenario tree structure to find feasible and relevant columns with less
computational effort. The novel CS procedure generates new columns
by sharing information among the subproblems, as shown in Fig. 2. By
adding new columns, more information is added to the MP, and the
price information for the subproblems is improved.

The Column Sharing procedure allows to eliminate convergence
issues of the CG approach related to the ‘heading-in”* and “tailing-off”®
effects. A CS procedure was proposed in [33] for recombining scenario
trees. The CS procedure proposed here is improved in that it applies to
recombining and non-recombining scenario trees.

2 The algorithm could be terminated when the gap, , is below a threshold.

3 If gapyyp is not in the required range, branch-and-price should be used.

4 The ‘heading-in” effect occurs in the first iterations when there is a small
number of columns in the master problem. Thus, the obtained prices are of
poor quality. This results in irrelevant columns and a poor lower bound [31].

5 The “tailing-off” effect occurs when the algorithm is close to the optimum
and little progress per iteration is obtained [31].
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Fig. 2. Diagram of parallel solution framework.

The novel CS procedure, described by Algorithm 1, works in the
following way. Once the subproblem for node n has been solved, a
column {2 ”,)A( .} is obtained, as described in Section 3.1. The vector
Z, contains the total installed units for node », and it is also a feasible
solution for the installed units of the subproblems for its sibling nodes,
denoted by the set £,. Then, the vector Z , is shared with each sibling
node 7 € £,. Reciprocally, node n receives vector 4 ; from each sibling
node 7. For node n, an additional column can be obtained by solving
the operation with installed units fixed to 4 7 In this way, |2,| new
columns are obtained per node n. These additional columns can be
generated with reduced effort since solving the operation with fixed
capacities is significantly faster than solving the subproblem S P,, as de-
fined in Appendix A. Moreover, these new columns are relevant to the
master problem because they intrinsically meet the non-anticipativity
constraints (2)-(4).

Algorithm 1 Column sharing procedure.

1: procedure COLUMNSHARING(n)

2: for n e 2, do

Send Z, to node 7, rAesceive Z, from node i
Compute operation X, for installed units Z, = Z;

AN S

Send column {2 : X Z} to Master Processor

3.3. Convergence of column generation and sharing method

The convergence proof of the proposed improved Column Gen-
eration and Sharing algorithm is sketched in the following. In the
case where the decision variables of the master problem are con-
tinuous, convergence of the algorithm can be proven following the
convergence proof for the standard CG. The number of columns that
can be generated is finite because set Z,, defined in Appendix A, is
a bounded integer polyhedron [31]. In each iteration, a column is
obtained by solving subproblem SP,, and |£,| columns are obtained
by the CS procedure, for each node n. At the end of the iteration, the
algorithm either terminates, or there is at least one column {2 n,i’ )
with negative reduced cost z)’. This column must be different from the

ones that had been added to the MP in previous iterations because no
column in the MP can have negative reduced cost [32]. Therefore, after
a finite number of iterations, no more columns with negative reduced
cost z¥ exist, and the algorithm terminates. Convergence in the case
where the decision variables of the MP are binary can be proven by
branch-and-price with proper branching rules [31].

4. Validation of performance

In this section, the performance and added value of the proposed
planning framework is validated in two aspects. Firstly, the improve-
ment in solution quality when considering both UC constraints and
long-term uncertainty is analyzed in Section 4.2. The integrated plan-
ning model of Section 2.2 is compared with different state-of-the-art
planning models. Secondly, the computational performance of the pro-
posed Column Generation and Sharing method is studied in Section 4.3.
The Column Generation and Sharing method is compared with different
state-of-the-art solution methods for solving the integrated planning
model of Section 2.2. The validation of performance and benchmarking
of the proposed method against existing state-of-the-art methods is the
third contribution listed in Section 1.

The computational experiments of Sections 4.2 and 4.3 are based on
the NREL 118-bus system [34] described in Section 4.1. The different
models and solution methods were implemented in Java and solved
using CPLEX 12.8 on the High Performance Computing cluster of TU
Berlin. The cluster is composed of 132 nodes, equipped with two
2.67 GHz quad-core Intel Xeon E5-2630 v4 processors and 256 GB
RAM.

4.1. Test system

The computational experiments are based on the NREL 118-bus
system [34] for the period 2016 to 2040. The NREL 118-bus system,
shown in Fig. 3, can be considered as a medium-size system [34]. It was
selected due to its higher data resolution and higher RES penetration
compared to the IEEE 118-bus system.

The NREL 118-bus system consists of 118 buses, 186 lines, and 327
generation units. Hydro and geothermal generators are not considered.
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Fig. 3. One-line diagram of NREL 118-bus system.

Steam turbines are supplied by coal. Existing generators are clustered
by technology and location, resulting in 46 generation plants. The
investment options are open-cycle gas turbines, combined cycle gas
turbines, solar generation, pumped hydro storage (PHS), compressed
air energy storage (CAES), batteries, and transmission lines. Among
these investment candidates, open-cycle gas turbines and ESSs are
considered as flexibility options. Future investment in wind is consid-
ered given. In total, 18 generation plants, 10 ESSs, and 10 lines are
candidates for investment. Load and solar profiles from [34] are used.
Generator parameters and investment costs are obtained from [35].
Technical parameters of energy storage technologies and investment
costs are obtained from [36,37]. Based on [35,36], investment costs
of renewable generation, batteries, and CAES show a decreasing trend.
Fuel prices are obtained from [38]. In each stage, a CO, emission limit
is imposed with the aim of reducing emissions by 80 % in 2040 with
respect to the initial year. Further details of the input data are provided
in Appendix D.

The scenario tree is an input to the methodology. To illustrate
the performance of the proposed method, uncertainty is considered
in gas price and demand growth. The scenarios are generated follow-
ing [39,40]. Demand and gas price are modeled as two correlated
geometric Brownian motion processes. The scenario tree is generated
using the moment matching method with three branches per node, as
described in Appendix B. No further scenario reduction is applied. Up
to five stages comprising five years each are considered. The first stage
represents the root node and corresponds to the period 2016 to 2020.
Each stage is represented by typical days or weeks.

4.2. Impact of unit commitment constraints and uncertainty
For the purpose of analyzing the impact of UC constraints and long-

term uncertainty, three different planning models were considered:
+ SP-noUC: Stochastic planning without UC constraints [18].

+ DP-UC: Deterministic planning with UC constraints [14]. Expected
values are used for fuel prices and demand growth.
+ SP-UC: Proposed stochastic planning model with UC constraints.

Since the aim is to study the accuracy of the modeling rather than
the computational performance, the NREL-118 system was reduced to
a three-region representation.® The planning horizon comprises five
stages. Each stage was represented by four typical weeks to account for
the seasonality of load and RES. For each planning model, the optimal
investment plan was obtained, and the investment cost was computed.
Afterwards, the expected operation cost of each investment plan was
computed by simulating the operation with UC constraints for each
node of the scenario tree.

The results are given in Table 1 and Fig. 4. Table 1 shows the
expected investment, operation and total costs, unserved load, and RES
curtailment. Fig. 4 shows the expected installed capacities for each
planning model. Stage 1 is omitted as it represents the initial state of
the system.

The stochastic planning model without UC constraints overesti-
mated the capability of the system to integrate RES and underestimated
the value of flexibility options. The investment in solar energy was
increased, and the investment in flexibility options, specifically in
batteries, was reduced, as shown in Fig. 4. The lack of flexibility led
to unserved energy, higher RES curtailment, and 47 % higher total
system cost compared to the proposed stochastic planning model with
UC constraints, as shown in Table 1.

The solution obtained by the deterministic planning model with
UC constraints is not well adapted to the different possible scenarios.
From stage 3 on, the deterministic model invested less capacity than

¢ The three regions are defined as in [34], and shown in Fig. 3. Gener-
ators and demand are aggregated by region, and intra-regional transmission
constraints are neglected.
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Table 1
Expected costs and operational results in validation case of Section 4.2.
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Model Investment cost Operation cost Total cost Unserved load RES Curtailment
[billion Euro] [billion Euro] [billion Euro] [TWh] [TWh]
Stochastic planning without UC constraints (SP-noUC) 21 61.8 82.8 5.4 236.8
Deterministic planning with UC constraints (DP-UC) 18.3 43.4 61.8 1.4 143.2
Stochastic planning with UC constraints (SP-UC) 18.8 37.4 56.2 0.01 166.9
Stage
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Fig. 4. Expected installed capac

the stochastic planning model with UC constraints, as shown in Fig. 4.
Thus, it could not cope with scenarios of high demand. This resulted in
unserved load. The system cost was 9 % higher than for the stochastic
planning model with UC constraints, as also shown in Table 1.

In summary, the results show that neglecting UC constraints or long-
term uncertainty leads to suboptimal planning decisions. The proposed
integrated model presented in Section 2.2 significantly improves the
solution quality compared with the state-of-the-art models by includ-
ing UC constraints and long-term uncertainty in a unique planning
framework.

4.3. Computational performance

In this section, the computational performance of the novel CG&S al-
gorithm for solving the multi-stage stochastic planning model with UC
constraints proposed in Section 2.2 is studied. To do so, the proposed
Column Generation and Sharing method is compared with different
state-of-the-art solution methods such as the PH algorithm, Nested
Benders decomposition, and the Column Generation algorithm. Two
variants of the CG algorithm are considered. These variants implement
state-of-the-art stabilization techniques with the aim of improving the
CG algorithm. A discussion on stabilization techniques for the CG algo-
rithm is provided in Appendix C. In summary, the following solution
methods were implemented using distributed computing and used to
solve problem (48) of Section 2.2:

» Undecomposed model (UD): Problem (48) is solved with CPLEX
12.8 using 20 CPUs.

CG with interior point stabilization (CG-ip): Problem (48) is de-
composed by nodes of the scenario tree and solved with the
CG approach. To improve the convergence, the interior point
stabilization [14,41] is used.

CG with dual smoothing (CG-ds): Problem (48) is decomposed by
nodes of the scenario tree and solved with the CG approach. To
improve the convergence, the auto-adaptive Wentges dual price
smoothing [42] is used.

Column Generation and Sharing (CG&S): Problem (48) is decom-
posed by nodes of the scenario tree and solved using the proposed
Column Generation and Sharing algorithm. The interior point
method is used to solve the master problem of the CG&S method.

ities in validation case of Section 4.2.

* Progressive Hedging’ (PH): Problem (48) is decomposed by sce-
narios and solved with PH [17]. The variable fixing heuristic is
used to avoid cyclic behavior [48].

» Nested Benders (NBD): Problem (48) is decomposed by nodes
and solved using the NBD [18]. To improve the convergence, the
strengthened Benders’ cuts [19] are used.

Four instances were constructed by increasing the number of stages | S|
and nodes |V in the scenario tree. No reduction was applied to the
NREL 118-Bus system. Each stage was represented by one typical day
to avoid memory issues for the UD model. A MIP gap of 0.5 % was
required.

Table 2 shows the numbers of variables and constraints of the
subproblems of each method. The total size of the problem is shown
for the UD model. The size of the UD model grows exponentially
with the number of stages |S|. The size of the PH subproblems grows
linearly with the number of stages. This growth can become an issue
for larger problems. The size of the subproblems of NBD, CG-ip, CG-ds,
and CG&S remains constant since these methods decompose by nodes
of the scenario tree. The number of constraints in the NBD subproblems
will increase in each iteration as new cuts are added [18].

Table 3 summarizes the computational performance of the solution
methods. The solution time and number of iterations are shown. For
the methods where no solution within the 0.5 % gap was found within
24 h, the resulting optimality gap is given. The results clearly show the
benefit of using the novel Column Generation and Sharing approach. As
the number of stages increases, and consequently the size of the prob-
lem increases, the proposed method becomes significantly faster than
the state-of-the-art decomposition methods. Only in the first instance,
the UD model was faster than the CG&S method. This is because of the
very small problem size of the first instance. It corresponds to a two-
stage problem with the operational stage represented by only one day.

7 The Progressive Hedging algorithm is considered to be a special case
of the more general Alternating Direction Method of Multipliers method
(ADMM) [43,44]. The ADMM and the Progressive Hedging algorithm do
not guarantee convergence to an optimal solution for mixed-integer inte-
ger programming [45,46]. To obtain feasible solutions for mixed-integer
programming, additional heuristics are required [46,47].
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Table 2
Problem size for different solution methods.
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Instance |S], |V # of Variables [Thousand]

# of Constraints [Thousand]

UD CG-ip CG-ds CG&S PH NBD uD CG-ip CG-ds CG&S PH NBD
2, 4 54.2 18 18 18 18.6 18.3 82.5 27.6 27.6 27.6 28.1 28.2
3,13 216.2 18 18 18 36.8 18.3 329.2 27.6 27.6 27.6 55.8 28.2
4, 40 702.0 18 18 18 54.3 18.3 1069.3 27.6 27.6 27.6 83.4 28.2
5, 121 2159.6 18 18 18 72.3 18.3 3289.7 27.6 27.6 27.6 111.1 28.2
2 iteration, as explained in Section 3.2. These extra columns add more
§ information to the master problem, improving the quality of the dual
° prices. Also, adding these columns allows to rapidly reduce the upper
g 5 bound and to decrease the “tailing-off” effect.
% = In summary, the results show that the proposed Column Generation
O g & Sharing method reduces the solution times considerably compared
g% to state-of-the-art methods. Moreover, it allows to overcome known
z convergence issues of the standard CG approach.
g
g 35 . .
s} ! ! ! ! 4.4. Concluding remarks
0 50 100 150 200
Tteration The results presented in Sections 4.2 and 4.3 demonstrate that the
proposed planning framework clearly outperforms the state of the art in
Fig. 5. Convergence of CG with interior point stabilization (CG-ip), CG with dual terms of solution quality and computational speed. Section 4.2 showed

smoothing (CG-ds) and proposed Column Generation and Sharing (CG&S) method in
computational experiments of Section 4.3.

However, the solution time of the UD model increases exponentially
with the number of stages. The UD model could not be solved for the
largest instance, as expected due to the large size of the problem. This
is reflected in the high optimality gap observed in Table 3.

The NBD required a large number of iterations to achieve con-
vergence and showed a pronounced “tailing-off” effect. Only the first
instance could be solved within the required gap. Moreover, due to
the sequential structure of the NBD, the parallel processing cannot
be fully exploited. Therefore, each iteration required more time than
for the CG&S approach. The PH algorithm did not allow to solve
the problem efficiently. For the first instance, PH required a similar
computational effort as the NBD. However, for multi-stage settings,
each iteration required a significant effort. Each subproblem is a mixed-
integer quadratic problem, which becomes difficult to solve as the
number of stages increases.

The proposed Column Generation and Sharing method performs
significantly better than the Column Generation with interior point
stabilization and Column Generation with dual price smoothing. Com-
pared with the best variant of the CG algorithm, namely CG with dual
smoothing, the novel CG&S reduced the solution time from 5.5 h to
46 min in the largest instance. The number of iterations reduced from
222 to 21. A reduction of 86 % in solution time was obtained. Overall,
the CG&S method outperforms the CG with interior point stabilization,
CG with dual smoothing, NBD, and PH for every instance.

Fig. 5 shows the convergence of the CG with interior point sta-
bilization, CG with dual smoothing, and the Column Generation and
Sharing method for the case of five stages. Due to the large number
of nodes in the scenario tree and investment options, the CG with
interior point stabilization and CG with dual smoothing required a
large number of iterations to converge. In the first iterations, there
were no sufficient columns in the master problem to obtain useful dual
prices. Consequently, the lower bound was not a good approximation,
and the “heading-in” effect was observed. Towards the last iterations,
the “tailing-off” effect with its slow convergence was observed for the
CG with interior point stabilization and CG with dual smoothing. In
contrast, with the CS procedure included, the “heading-in” effect was
eliminated. The lower bound was significantly improved in the first
four iterations. This occurs because the CS procedure is efficient in
generating new feasible columns per node of the scenario tree in each

10

the significant relevance of the improved modeling provided by the
proposed integrated planning model. Including UC constraints allows to
accurately assess the value of investing in flexibility options. Including
long-term uncertainty allows the system planner to anticipate future
scenarios. Section 4.3 shows that the proposed solution method reduces
solution time by 86 % compared with state-of-the-art-methods. Overall,
the proposed planning framework allows to efficiently and effectively
model short-term flexibility and long-term uncertainty in a unique
planning model.

5. Case study: Value of energy storage systems in low-carbon
transition

In this section, the proposed planning framework is applied to a
realistic-size case study. The objective of the case study is to quantify
the value of ESSs in the transition to a low-carbon power system. The
case study considers five stages and 121 nodes in the scenario tree.
No reduction was applied to the NREL 118-Bus system described in
Section 4.1. The operation is represented by four different weeks of the
year as opposed to just one day in Section 4.3. This allows to represent a
good number of operating conditions, as well as the seasonality of load
and renewable power sources [8]. The approach allows to consider ESSs
with hourly to daily energy storage capacity. Two case studies were
performed to analyze the value of ESS, a base case with investment in
ESSs and a second case without ESSs.

Concerning the computational performance, the case with ESSs
was solved in eight days with the proposed framework, a 1.5 % gap
was obtained, and 54 iterations were needed. By this same time, the
NBD method had performed 21 iterations obtaining a gap higher than
100 %, and the PH method could not complete the first iteration. These
results confirm the capability of the proposed planning framework
in overcoming the computational burden when solving realistic-size
problems.

Fig. 6 shows the expected installed generation capacity for both
studied cases. Stage 1 is omitted as it represents the initial state of the
system. In both cases, investment in new generation is driven by the
CO, emission limit imposed by (24). Therefore, an increasing capacity
of renewable power is installed at each stage to achieve the low-carbon
transformation. The decreasing investment costs of solar generation
and energy storage systems, and the increasing cost of fossil fuels also
contribute to the higher integration of renewable sources. The case with
ESSs allows for a higher installed capacity of renewables up to stage
4, compared with the case without ESSs. In stage 5, the opposite is
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Table 3
Computational performance.

Applied Energy 291 (2021) 116736

Instance |S], |V Solution time [min] # of Iterations Gap [%]
UD CG-ip CG-ds CG&S PH NBD CG-ip CG-ds CG&S PH NBD UD PH NBD
2,4 0.16 15.5 3.8 1.7 8.0 8.3 152 80 10 9 112 <0.5 <0.5 <0.5
3, 13 14.0 26.9 23.0 5.2 543.2 1440 175 168 23 35 1699 <0.5 2.4 1.5
4, 40 881.4 202.6 93.6 16.8 1440 1440 168 203 27 33 480 <0.5 2.1 1.8
5, 121 1440 389.4 330.4 46.5 1440 1440 204 222 21 10 336 98.6 2.7 1.6
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Fig. 6. Expected installed generation capacities in case study of Section 5.

observed. In the case with ESSs, the amount of solar power installed is
reduced by 13 GW compared to the case without ESSs. This is due to
the flexibility provided by ESSs, where available RES can be integrated
more efficiently into the system. In the case with no ESSs, a higher
capacity of gas-fired units has to be installed in each stage as back-up
generation to mitigate the variability of the renewable sources and to
provide ancillary services.

Fig. 7 shows the expected installed power capacity of energy storage
systems. In stage 2, corresponding to the period 2021 to 2025, a
relatively small power capacity of pumped hydro storage and CAES is
installed in the system. This capacity amounts to less than 3 % of the
total installed generation capacity. In this stage, pumped hydro storage
and CAES are preferred over batteries due to their lower investment
costs and longer lifetime. These technologies, especially pumped hydro
storage, are in a more mature state [49]. In stage 3, the installed power
capacity of PHS and CAES is increased to support the rising share of
renewable generation. In stage 4, corresponding to the period 2031
to 2035, the stringent CO, emission limit leads to a share of 54.4%
of renewable power generation. A significant amount of flexibility is
required to efficiently integrate this high penetration of renewable
sources. Therefore, batteries become a cost-efficient alternative to pro-
vide flexibility to the power system. The installed power capacity of
ESSs in the final stage represents 7 % of the total installed capacity in
the system.

Fig. 8 shows the expected yearly electricity generation for both
cases. ESSs allowed for a more efficient penetration of renewable
energy, with a significant reduction of renewable energy curtailment.
Energy storage systems also allowed for a lower utilization of gas. Fig. 9
shows the expected yearly CO, emissions by fuel type. In both cases,
the increasing penetration of renewable generation allows reducing
the CO, emissions to comply with the emission limit imposed by
(24). Coal-fired generation is replaced by renewable generation. Thus,
CO, emissions from coal-fired generation decrease rapidly. The CO,
emissions from gas-fired generation decrease more slowly. The case
with ESSs allowed for a higher utilization of coal-fired units and a lower
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Fig. 7. Expected installed power capacity of energy storage systems in case study of
Section 5.
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Fig. 8. Expected yearly electricity generation in case study of Section 5.

utilization of the more expensive gas-fired generation. Therefore, CO,
emissions originating from coal-fired generation are higher in the case
with ESSs compared to the case without ESSs.

Table 4 shows the system costs for the case with and without ESSs.
The case without ESSs results in higher investment costs because of
the higher investment in gas-fired units and solar power. Fuel and
start-up costs are also higher in the case without ESSs because of the
higher renewable curtailment and the higher utilization of gas-fired
generation. Load shedding occurs in the case without ESSs, increasing
the system cost significantly. Overall, in the case without ESSs the
expected system cost was 18 % higher than in the case with ESSs.
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Table 4
Expected system costs in case study of Section 5.
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Case Investment cost [billion Euro]

Fuel and start-up cost [billion Euro]

Load shedding cost [billion Euro] Total system cost [billion Euro]

With ESSs
Without ESSs

13.11
14.75

36.46
38.74

0.01
5.13

49.58
58.62

Stage

40

30

20

10

COg emissions [Mt COz]

ESS
No ESS
ESS
No ESS
ESS
No ESS
ESS
No ESS

M Coal M Cas

Fig. 9. Expected yearly CO, emissions by fuel type in case study of Section 5.

6. Conclusions

A comprehensive long-term power system planning framework that
integrates short-term flexibility and long-term uncertainty was pro-
posed. The planning model considers investments in generation, trans-
mission, and energy storage. A general model for energy storage
systems was developed to represent the characteristics of the dif-
ferent technologies. The model allows an accurate representation of
the short-term flexibility requirements through the unit commitment
constraints. Such a comprehensive model benefits from an efficient
solution method. Therefore, a distributed computing framework based
on the novel Column Generation and Sharing algorithm was proposed.
The added value offered by the proposed method was analyzed on case
studies based on the NREL 118-bus system. Results show that ignoring
unit commitment constraints leads to suboptimal solutions with insuf-
ficient investment in flexibility options and significantly higher cost.
Neglecting long-term uncertainty results in a system that is not capable
to cope with the different long-term scenarios. The computational study
clearly showed the improvement in solution speed obtained by the
proposed framework compared to state-of-the-art methods. It reduces
the solution time by 86 % and allows to solve realistic-size planning
instances that cannot be solved by existing methods. Results also
confirm the value of energy storage systems in the long-term transition
to a low-carbon power system. As such, the combination of accuracy
and superior computational speed makes the proposed framework a
compelling candidate for planning the transition to zero-carbon power
systems.
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Appendix A. Dantzig-Wolfe decomposition

To facilitate a decomposition, the matrix form (A.1) of the multi-
stage stochastic problem (48) is introduced first. Constraint (A.1b)
summarizes the non-anticipativity constraints (2)-(4). These are the
complicating constraints that couple the investment decisions made at
the predecessor nodes of n with the total installed units in node n.
Eq. (A.1c) represents the constraints that relate operational decisions
in node n with the total installed units in node n, namely (6), (8), (10),
(34)-(35), and (38)—(47). Constraint (A.1d) summarizes the maximum
investment limit, right-hand side of (2)—(4). Constraint (A.1le) summa-
rizes the operational constraints that do not explicitly depend on the
total installed units, namely (5), (9), (21)-(33), (36), and (37). Con-
straint (A.1f) states the integrality of investment decisions. Constraints
(A.1g)—(A.1i) summarize the constraints on the investment decisions of
existing assets, namely constraints (12)-(20). Problem (A.1) has a block
diagonal structure, where a set of independent subproblems is linked by
a small number of complicating constraints [31].

min Z G, (™7 I, + cﬁpTX,,> (A.1a)
neN

st: Z,< Y T, Vn (A.1b)

heP,

AX,<Z, Vn (A.10)
Z,<Zm Vn (A.1d)
X, €X, Vn (A.1e)
Z,. I, € Z)OHEHIL Vn (A.1D)
diag(U%Z, = Z2° Vn (Alg)
diag(UOI, = Z° (A.1h)
diag(UI, =0 Vn>1 (A.1i)

To apply the Dantzig—-Wolfe decomposition, the problem is reformu-
lated using the discretization approach [22,31]. To do so, the feasible
region of total installed units in node n, which includes generators,
ESSs, and lines, is defined as:

Z,=1(2,ez/MEHI 13X e x,, A,X, < Z, < ZM™,
diag(U"Z, = Z2° )
where Z, is a bounded integer polyhedron. Therefore, any point in Z,

can be expressed as a combination of a finite number of integer points,
{Z)} ek, in Z, [31] such that

N . .
Z,= Y AZ, Y A=14el01} (A.2)

i€k, i€k,
For each feasible vector of total installed units in node n, 2{(, there

exists at least one associated optimal operational plan, b'e f,, therefore
X, can be represented as:

X,= Y MX.
JEK,

(A.3)
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The master problem of the Dantzig-Wolfe decomposition (A.4) is ob-
tained by substituting Z, and X, in (A.1) by (A.2) and (A.3), re-
spectively. Constraint (A.4b) is equivalent to the non-anticipativity
constraints (A.1b). Constraints (A.4c) and (A.4d) ensure that only one
vector of total installed units, and consequently only one operational
plan, is selected for each node in the scenario tree. The associated dual
prices of constraints (A.4b) and (A.4c) are =, and u,, respectively.

min Y @I, + Y AcPTRD) (A.4a)
neN JEKy,

st: Y MZ < 3 I, Vo (x,) (A.4b)
JEK, heP,
X a=1 vu o (uy) (A.40)
jek,
i e {0,1} Van,j (A.4d)

G|+|E|+|L

1, € Z!FHEHH Van (A.de)
diag "I, = Z2° (A.4f)
diag(U"I, =0 Vn>1 (A.4g)

Problem (A.4) may be solved by the CG approach [31]. The CG ap-
proach allows to obtain columns {2{1 )A(Z} by solving subproblem SP,,
defined by (A.5), for each node. The objective value of the subproblem,
denoted by z,’, is defined as the reduced cost of column {Z,, X,,}.

(SP) ZP =min ¢, X, -7 Z, - n, (A.52)
st X,€X, (A.5b)

AX,<Z, (A.50)

diag0®z, = 2° (A.5d)

Z,<z™, z, e z|fHErt (A.5¢)

Appendix B. Scenario generation method

To generate the scenario tree, the methodology proposed in [39,40]
is used. Demand and gas price are modeled as two correlated geometric
Brownian motion processes. Then, the scenario tree is obtained using
the moment matching method [50] with three branches per node. The
aim is to find vector yI = V1> Yaps---» ¥y, and a scalar ¢, for each
node n of the scenario tree. Vector y, describes the value of the uncer-
tain parameters at node »n. The conditional probability associated with
node n is defined by ¢,. The objective of the moment matching method
is to obtain y, and ¢, such that the statistical properties of the original
stochastic process match the statistical properties of the approximated
distribution [50]. For multi-stage scenario trees, the moment matching
method generates the scenario tree recursively, starting from the root
node until the leaf nodes are reached [39,40,50]. In each node n, the
following optimization problem is solved:

mig Y @i {yidien, ($itien,) — OV (v,)) (B.1a)
TR jeQ
s.t.: Z d;=1 (B.1b)
€D,
$;>0 VieD, (B.1¢)

In (B.1), Q is the set of statistical properties. The value of the
ith statistical property computed for the underlying distribution of
the stochastic process is described by QYAL(y,). The value of the ith
statistical property computed for {y;};ep, and {$;}zep, is denoted by
Jilyitaen, (&5} iiep,)- The weights ¢; specify the relative importance
of the ith statistical property. Set D, describe the set of children nodes
of node n. Following [39,40], the selected statistical properties are the
mean, the variance, the skewness of each random variable, and the
correlation of the random variables.
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Appendix C. Stabilization methods for column generation
approach

As described in Section 3.2, the standard Column Generation al-
gorithm presents convergence issues [31], such as the “heading-in”
and “tailing-off” effects. Stabilization techniques are usually used to
overcome these issues [14,22,41,42,51]. These techniques aim to ac-
celerate the convergence of the Column Generation by controlling the
behavior of the dual prices obtained by the master problem. In [41],
the interior point stabilization is proposed. It aims to improve the
convergence by using dual prices that are interior point solutions to
the master problem. This technique can be implemented by solving
the master problem with the interior point method instead of using
Simplex-based methods [14,22]. Dual smoothing techniques [42,51]
improve the convergence of the CG method by correcting the dual
prices to obtain values closer to the stability center. In [51], dual
smoothing is achieved by using the static Wentges smoothing. In [42],
the auto-adaptive dual smoothing is proposed to improve the Wentges
smoothing by eliminating the need for application-specific parameter
tuning.

In contrast to stabilization methods, the proposed Column Genera-
tion and Sharing method overcomes convergence issues from a different
perspective. As described in Section 3.2, it aims to provide more
information to the master problem in each iteration. This is achieved
by the proposed Column Sharing procedure, which efficiently generates
relevant columns for the master problem by exploiting the scenario
tree structure. Furthermore, the discussed state-of-the-art stabilization
techniques can also be used within the proposed Column Generation
and Sharing method.

Appendix D. Input data for validation and case study

In the following, the input data for the validation of performance of
Section 4 and the case study of Section 5 is given. Table D.5 presents the
expected demand and fuel prices in each stage of the planning horizon.
The demand at the initial stage is obtained from [34]. The expected
demand growth rate is based on [40]. Expected fuel prices are given
as in [38]. The expected demand and fuel prices are used as input
for the scenario tree generation. Table D.6 presents the CO, emission
limit. Energy storage system parameters are given in Table D.7, based
on [36,37]. Generator parameters are given in Table D.8, based on [35].
Fig. D.10 shows the investment costs for the different technologies,
based on [35,36]. Upward primary reserve requirement was equal to
4 % of the load. Secondary reserve requirement was defined as 3 % of
the load plus 5 % of the variable generation output.

Table D.5
Expected demand and fuel prices.

Stage Demand [TWh] Coal price [Euro/MWh,,] Natural gas price [Euro/MWh,]

1 102.4 7.7 26.3
2 106.5 7.9 30.4
3 110.7 9.3 32.2
4 115.0 11.2 33.9
5 119.4 12.9 35.9
Table D.6
CO, emission limit.
Stage Year CO, emission limit [Mt CO,]
1 2016 54.5
2 2025 34.4
3 2030 27.1
4 2035 19.6
5 2040 10.9
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Fig. D.10. Investment costs of different technologies.

Table D.7
Technical parameters of energy storage systems.
Technology Energy-to-power Charge Discharge Heat rate Emission factor Ramp rate as share Lifetime
ratio [h] efficiency [%] efficiency [%] [MWh,,, /MWh| [t CO,/MWh] of max. output [years]
power [%/min]
PHS 10 0.85 0.85 0 0 50 80
CAES 10 1 1.2° 1.23 0.23 20 30
Battery 2 0.95 0.95 0 0 100 8
ACAES is modeled with an efficiency greater than one because of the use of natural gas in discharging mode [37,52].
Table D.8
Technical parameters of generators.
Technology Efficiency [%] Emission factor Min. output as Ramp rate as share Minimum Minimum Lifetime
[t CO,/MWh] share of max. of max. output time on [h] time off [h] [years]
output power [%] power [%/min]
Biomass 0.45 0 0 20 1 1 25
Combined cycle gas turbine 0.57 0.349 40 8 4 4 40
Open cycle gas turbine 0.45 0.488 20 15 1 1 50
Coal 0.43 0.728 40 4 24 24 45
Solar PV - - - - - - 25
Wind - - - - - - 25
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