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Abstract

Due to increasing penetration of stochastic renewable energy sources in electric power
systems, the need for flexible resources especially from fast-start conventional gen-
eration units (e.g., combined cycle gas turbine plants) is growing. The fast-start
conventional units are being operated more frequently in order to respond to the vari-
ability and uncertainty of stochastic generation. This raises two important technical
questions: as it is common in the literature, is it still an appropriate simplification to
ignore the operational unit commitment (UC) constraints of conventional units within
the generation expansion planning optimization? And if not, which UC constraint
impacts most the expansion planning outcomes? To answer these questions, this paper
aims at measuring the planning inefficiency (i.e., the underestimation of need for
new generation capacity) caused by ignoring each UC constraint. To this purpose,
we develop a centralized network-constrained generation expansion planning model
incorporating UC constraints. In particular, we model start-up and shut-down costs,
minimum production level and hourly ramping limits of conventional units. Wind
power production is considered as the only source of uncertainty, and is modeled
through a set of scenarios. A two-stage stochastic programming tool is used, whose
first stage determines the long-term expansion and short-term UC decisions over differ-
ent hours of representative days, while the second stage models the real-time operation
for accommodating imbalances arising from wind deviation under different scenar-
ios. Since this problem is potentially hard to solve especially with a large number of
representative days and scenarios, a multi-cut Benders’ decomposition algorithm is
implemented. The well-functioning of the proposed model and the impact of each UC
constraint on planning outcomes are evaluated using an extensive numerical study.
In our case studies, the exclusion of ramping constraints from planning optimization
causes large error and is the most distorting simplification.
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1 Introduction
1.1 Background and aim

The share of electricity production from renewable sources is increasing worldwide.
Wind power is expected to contribute strongly to electricity generation in the com-
ing decades, despite its inherent variability and uncertainty [20]. In 2015, electricity
produced from renewable energy sources contributed more than one quarter (28.8%)
of the European Union’s gross electricity consumption. In particular, more than half
(51.3%) of annual electricity demand in Denmark in 2015 was supplied by renewable
energy sources [2], and this value is expected to reach 100% by 2050 [11,46].

The generation expansion planning (GEP) is one of the most important decision-
making problems in electric power systems, which determines the technology, capacity
and location of new generation units to be built. Pursuing simplicity, it is common in
the literature to ignore unit commitment (UC) characteristics of the conventional gen-
eration units, e.g., ramping limits, start-up and shut-down costs, minimum production
level, and minimum up- and down-time constraints, within the GEP problem. How-
ever, the conventional generators especially flexible units (e.g., combined cycle gas
turbine plants) are being committed and operated more frequently with increasing wind
power penetration [15,41,49]. The first reason for this is the variability of wind power
generation, which makes the dispatch of flexible conventional units quite volatile over
time along with short but steep ramps, such that the UC constraints corresponding to
those units are often active. The second reason is the uncertainty of wind generation,
which requires more operational flexibility from conventional generation units to off-
set the power imbalance arising from wind forecast error [45]. Due to these reasons,
the exclusion of UC constraints from the GEP optimization problem might no longer
be an appropriate simplification.

In this paper, we are interested in answering two main technical questions: do UC
constraints affect generation expansion planning? And if so, how can we measure the
planning inefficiency (i.e., the underestimation of need for new generation capacity)
caused by discarding each UC constraint. These power economics questions motivate
the following methodological question: how can UC constraints (including binary
variables and inter-temporal constraints) as well as wind uncertainty be simulated
while ending up in a scalable approach? To answer these questions, we propose a
two-stage stochastic program, whose first stage determines the long-term expansion
and short-term unit commitment decisions over different hours of representative days.
In addition, the second stage models the real-time operations for resolving imbalances
due to wind deviation under different wind power scenarios. Since this problem is
potentially hard to solve especially with a large number of representative days and
scenarios, a multi-cut Benders’ decomposition algorithm is implemented. This pro-
posed approach allows decomposing the original mixed-integer linear programming
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(MILP) problem into a mixed-integer linear master problem and a set of continuous
linear subproblems, one per scenario and representative day.

1.2 Literature review and contributions

The following section analyzes different approaches to GEP models in the literature.
This review focuses on modeling techniques used for GEP problems as well as the
consideration of operational details such as UC constraints. In general, the capacity
expansion problems can be modeled in two ways: static and dynamic (multi-stage)
models [8]. In the static approach, all expansion decisions are made at a single point
in time, i.e., at the beginning of a target year, representing the whole planning horizon.
In contrast, the dynamic (multi-stage) planning model makes expansion decisions at
different points in time of the planning horizon, which allows to adapt to future changes
in the system and leads to more accurate solutions. However, the complexity of the
problem in dynamic model is further increased.

The existing GEP models typically consider a limited level of details on technical
constraints of conventional units. For example, reference [18] formulates a multi-
year GEP problem using a two-stage stochastic MILP problem, but does not consider
network and UC constraints. In [13], a generalized disjunctive programming model
for dynamic investment planning in different energy sources, i.e., renewable and non-
renewable, is presented. The model takes start-up, shut-down and general operational
costs into account, but neglects all other UC constraints and transmission limits. In
[12], a GEP framework is introduced based on a robust optimization, which portrays
an optimal investment plan that mitigates inherent planning uncertainties. The future
load, investment and production costs are considered as the sources of uncertainty
while transmission network and UC constraints are discarded.

In general, the GEP problem can be viewed in two different ways: adopting a cen-
tralized approach or considering a market framework. On the one hand, in a vertically
integrated power system, a central planner solves a GEP model that results in an opti-
mal operation for the entire electric energy system, and leads to the most efficient
supply of demands. This is also known as a command-and-control approach. On the
other hand, a market-based approach framework assumes that each electricity producer
determines its own generation investment plan as a competitive or a strategic agent
with the aim of maximizing expected profit [8]. A market-based network-constrained
strategic generation investment model is proposed in [24]. The resulting model is
a stochastic mathematical program with equilibrium constraints, which takes into
account rival offering and rival investment uncertainties. In addition, [32] compares
the optimal GEP outcomes in a centralized approach to those obtained in a market
framework considering that the decision-making investor is either a competitive or
a strategic price-maker producer. In [35], an investment equilibrium problem in an
oligopolistic market including UC constraints is solved using a diagonalization-based
heuristic method.

Neglecting operational details in the GEP problem will underrate the technical
hurdles, system cost and additional flexibility needs of large shares of renewable
generation [59]. The GEP models in the literature that incorporate more operational
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details are presented in the following. In [56], the start-up and shut-down costs of
conventional units is added to the traditional merit order stack model for electricity
dispatch through a heuristic method. This heuristic has impact on generation units’
outputs, electricity prices, and optimal capacity mix. In [52], a linear programming
model for long-term power system investment planning is extended with algorithms
that build constraints which capture the effects of units’ start-up cost, ramping, aver-
age output and adequate total system capacity. Reference [17] proposes a two-stage
stochastic mixed-integer linear GEP model with long-term uncertainty in wind pat-
tern while incorporating the UC constraints. The first stage models the investment
in capacity, while the second stage schedules the scenario-based commitment and
dispatch. The UC constraints included in this model are minimum and maximum pro-
duction level, maximum reserve, ramp-up and -down limits as well as start-up and
shut-down costs of conventional units. The work in [20] compares a screening curve
methodology with a static investment model that determines the optimal technology
mix. Operational constraints such as a periodic maintenance, must-run units, ramp
rates and reserve requirements are incorporated into the model. This approach shows
a reduced capacity of inflexible generation after including operational constraints to
account for net load variability. Furthermore, a sensitivity analysis shows that ramp
rates of base-load generation units have a dominant impact on optimal generation
mix. Reference [4] extends the screening curves technique to incorporate operation
and maintenance costs. In [36], a GEP problem is modeled in a deterministic manner
constrained by minimum stable levels, minimum up- and down-times, while consid-
ering start-up and shut-down costs. Reference [51] compares an economic dispatch
model with and without UC constraints to determine the importance of utilizing UC
for GEP of systems with varying amounts of variability. Reference [21] proposes
a methodology to integrate short-term responsiveness into a generation technology
optimization model. The proposed linear program with static investment decisions for
a single-node system includes must-run constraints, ramping limits, and positive and
negative balancing requirements for base, mid, and peak load thermal generation tech-
nologies. Reference [22] investigates the optimal expansion planning of fast-response
generating capacity, in particular gas-fired units, to accommodate the uncertainty of
wind generation. A network-constrained GEP model in [22] includes ramping limits,
and maximum and minimum up- and down-time constraints. In [25], the UC problem
is integrated into a long-term dynamic investment planning framework, resulting in
a mixed-integer linear program. The daily energy planning constraints at an hourly
level include start-up and shut-down related decisions, i.e., start-up type, minimum
up- and down-time, synchronization, soak and desynchronization time constraints, as
well as ramping limits and system reserve requirements. Both day-ahead energy and
reserve markets are represented, while no uncertainty is included in the model. In [26],
a multi-regional, multi-period, mixed-integer linear programming model is presented,
combining optimization technique with a Monte Carlo method. This model determines
the optimal power capacity installed in each time interval and region as well as the
optimal power generation mix including demand response resources. The UC con-
straints considered are power production limits of thermal plants and reserve margins.
Reference [16] introduces a GEP model in which the embedded operational problem
is a convex relaxation of the UC problem, i.e., the Lagrangian dual problem, including
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binary commitment decisions, minimum up- and down-time, and ramping constraints,
but ignoring network constraints. Moreover, upward spinning reserves are considered,
while transmission constraints are neglected. The results in [16] show that ignoring
operational flexibility in GEP results in underestimating the need for investment in
flexible generation, possibly causing reserve shortage, load shedding, and curtail-
ment of renewable generation. A mixed-integer linear GEP model in [59] studies how
increasing operating reserve requirements, driven by increased renewable penetration,
impacts the installed generation mix of a power system. This model includes detailed
constraints for short-term operation of different generation technologies and detailed
operating reserve requirements. Furthermore, in [41], UC constraints are incorpo-
rated into a mixed-integer linear GEP optimization model. These UC constraints are
ramping limits, start-up and shut-down costs, and operating reserves. Binary com-
mitment variables are grouped into integer block UC by types of power plants into
categories. Although wind uncertainty is not modeled, the results suggest that incor-
porating detailed UC-derived operations into capacity planning models changes the
optimal generation mix by more accurately valuing operational flexibility. In addi-
tion, [40] identifies that the most effective UC constraints for generation investment
decisions are operating reserves and maintenance related constraints. In the proposed
MILP, or clustered integer-based modular planning model, the generation units are
aggregated into representative plant clusters by technical characteristics. The UC
constraints analyzed in this static investment model are maintenance, start-up and
shut-down limits. In [42], a computationally efficient GEP model is formulated as a
deterministic MILP with embedded integer clustered UC and maintenance constraints
for a system with environmental policies. The model in [42] shows that operational
flexibility as well as carbon emission constraints change the optimal capacity mix.
It also concludes that ignoring the need for flexibility may lead to the system being
unable to meet demand and carbon requirements. Reference [47] investigates the
impacts of both chronological representation and operational details on planning out-
comes for a varying penetration of renewables. In [61], a stochastic decision-making
problem based on a real options approach is developed for a single entity to invest in
fossil-fueled generation technologies. Reference [30] proposes a two-phase algorithm
to solve a multi-area generation and transmission investment planning model. This
model includes renewable targets as well as several operating subproblems with ramp-
ing constraints. Reference [31] analyzes the impacts of risk aversion on a co-optimized
transmission and generation expansion planning problem in a competitive market. The
proposed two-stage stochastic programming problem minimizes the weighted average
of expected transmission and generation expansion costs, the operational costs, and
their conditional value at risk including a direct current (DC) representation of the
network. The first stage models the investment in generation and transmission capac-
ity, while the second stage models the economic dispatch under different market and
regulatory conditions. Finally, [44] proposes a framework to optimize the long-term
investment in new renewable generation capacity while taking into account the hourly
dynamics of electricity supply and demand. This framework combines two different
energy modeling and planning tools: TIMES is used as a long-term model for opti-
mizing investment in generation capacity, while EnergyPL AN represents a short-term
model for optimizing the system operation. These two models interact in an iterative
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process. The results show that the inclusion of dynamics in the modeling methodology
changes the investment strategy.

A variety of model characteristics is identified, e.g., inclusion of uncertainties,
network representation, form of modeling the investment decisions, representation of
market settlements, time horizon, as well as inclusion of energy policies and investment
in different types of technologies. This literature review is summarized in Table 1,
which highlights and compares the relevant features of some works reported in the
literature and the model proposed in this paper.

Considering the works analyzed in the literature review and summarized in Table
1, the contributions of this paper are as follows: we propose a centralized static GEP
model, which incorporates the operational UC details of conventional units such as
minimum and maximum production levels, hourly ramping limits and start-up and
shut-down costs of generation units. Our contributions are not methodological, as
we use existing mathematical techniques to answer important technical questions
that arise in practice: do UC constraints affect generation expansion planning? And
if so, how can we measure the misestimation of need for new generation capacity
caused by discarding each UC constraint. We provide a tool to compare the generation
expansion planning decisions with and without enforcing UC constraints, that allows
us to evaluate the importance of each of these constraints. This model considers both
conventional and wind units as the investment options, and takes into account the
network constraints. To improve representation of operational stage, we consider two
short-term settlements, including (i) day-ahead UC stage providing on/off commitment
and tentative production schedule of units, and (ii) real-time operation stage providing
the final production of units. The resulting model is mixed-integer and linear, and
considers wind power uncertainty through a set of scenarios. The renewable incentives
are considered in the form of renewable portfolio standards (RPS) [19,39,58]. Pursuing
scalability, the proposed two-stage stochastic model is decomposed by representative
day and scenario using a multi-cut Benders’ decomposition algorithm. Finally, an
illustrative example and a larger case study are comprehensively analyzed and the
results provide a measure of the impacts of each UC constraint on planning outcomes.

1.3 Paper organization

The remainder of this paper is organized as follows. Section 2 describes and clarifies
the features and assumptions of the proposed model. Section 3 formulates the model
as a two-stage stochastic mixed-integer linear problem. In Sect. 4, the decomposition
algorithm is described. Section 5 provides comprehensive analyses of two examples.
Finally, Sect. 6 provides some relevant conclusions obtained from the study reported
in this paper.

@ Springer



Do unit commitment constraints affect generation expansion planning?...

uonerado own-[ear‘age)s Surwwresdoxd umop-inys; dn-rejs ‘syrury
DN ‘YuaunsSaAUf PUIA RIINAIRIGIN SOX Surdwres ndino xew/ury dTIN 1oded sy,
on
sarorjod I050)Ul PaIdISN[O UMOP
- Sdy 1M1 C0D sisk[eue oLeuadg ON -nys/dn-1reis ‘oouruRIuIR DAdIN dTIIN [or]
syt
(Topowt Surdurer ‘own umopydn
agels-nnN - Kureyrooun oN [euoz) sox. urrumop-nys/dn-ie)g JTIN szl
peoy ‘purm owm umop/dn
- ‘sogeino yusuodwo)) SISA[BUE OLIBUIOS SOX urwy/xew sy Surdurey dTIN [zl
Surwwesdoxd umop-inys/dn-yre)s ‘syruur|
suonerado+ JuaunsaAug PUIA J1SBYD01S ON Surdwres ndino xewyury JdTIN [L1]
yoels
- - Kureyrooun oN ON 1500 dn-11e1§ IOpIO JLIDIN [96]
owm umop/dn uru “syrury
- SU1ZIS 9AI9SY SISA[BUE OLIBUIOS ON Surdwrer ‘umop-inys/dn-jre)g dTIN 6]
Surrespd JUAUISAUT Surwwesdoxd (40adIN)
JONTRW + JUSWIISOAU [eALI ‘SULISJJO [BATY RN IRIUIN SOX QUON dTIN [¥2]
1500 uonerado uoneziwundo
age)s-om], 1500 JUQWIISOAUI ‘PO 1SNqoy ON QUON JTIN [z1]
a3els-nN SOAIOSAI [oN] [1SSO] SISATeUE OLIRUdDS ON QUON JTIN [e1]
soond Surwwresgord
uonerado+ Juausoau] [onJ ‘puBwop 2IMNJ RIENIRIGIN ON QUON JTIN [81]
- - Kjureyraoun oN ON 1500 dn-11e3s syrwn] Surdwey »d TIN [1¥]
sages sanuIeeoun Kyurejrooun paurensuod
oIS Jo 201mos 10J pasn [OPOIA -YI0MION Papn[oUl SIUTRISUOD D) [9POIN sjoy

1oded smy) ut pasodoid [opour 9y pue 2IMeINI] Y} UT pajIodar SYIOM JO SAINILI JUBAJ[SY | d|qel

pringer

as



A. Schwele et al.

pIepue)s orjojiiod a[qemousy,
surensuod wnuqymba s wresSord reonewRyIEN
wres3o1d redur] JoSIUI-PIXIA

uonisodwooop
PUIM + [BUOTIUSAUOD) Sdy IeoA | [enua) onels S1opuag 1oded sy,
[BUOTIUAUOD) Sdd ek | [enua) onels uonexey [ot]
[BUOTIURAUOD) syt 0D s189K [2I0A9S [enua) orweuA(q - [sz]
(pa1y-se3)
syun 9suodsar-1seJ - s1eak G [enua) onels - [z2]
[RUOTUSAUOD) - Teok | [enua) onels - [L1]
[eUOTIUdAUOD) - ek | [enua) onels - [96]
purm
‘Ie[OS ‘SIIUN [BUOTIUSAUOD
Sunyead pue peoj-oseg Sdy 89K | [enua) onels - [6S]
[BUOTIUDAUOD) - ek | paseq-1oyIeN onels - vzl
uonisodwooap
[euOnIUAAUOD) - SIBOA[BIOADS [enua) orweuA(q s1opuag [z1]
[BUOTIURAUOD ‘Q[qBMAUY - SIBA ()7 [enua) orweuAq - [e1]
uononpail
[RUOTUSAUOD) - SIBOA [BIOADS [enua) orweuAq OLIBUIOS [81]
on
[BUOTUIAUOD) s <o “,8dd Yoam | [enua) anels 19391ur padnoin [1¥]
JUQWIISOAUL JOJ SOATIUQOUT [enuad/paseq A3arens
so130[0UY09) AjepIpuR)) Jqemaudy UoZ1I0Y Quwl], REN ] orwreuAp/onels Anpiqeress EN|

panunuod | 3jqe]

pringer

As



Do unit commitment constraints affect generation expansion planning?...

| |
: # scenario 1
1 © scenario 2
: # scenario 3
Generation expansion
decision .
I a .
: # scenario S-1
1 Q scenario S
| |
first-stage second-stage
day-ahead scheduling decisions real-time operation conditions
for each day, hour for each day, hour, scenario

Fig. 1 Two-stage stochastic decision framework of the proposed GEP with UC constraints

2 Modeling assumptions and features
2.1 Framework

The proposed model is a two-stage stochastic programming problem with fixed
recourse. This problem is formulated as a decision tree, see Fig. 1, with each node
in the tree representing a decision point. In this two-stage framework, the first stage
determines here-and-now decisions prior to the resolution of uncertainty, while the
second stage decisions are postponed in a wait-and-see mode after the uncertainties
are revealed [9]. The first stage provides the expansion plan as well as daily day-ahead
UC and dispatch decisions, while the second stage models the real-time operation
to adjust wind power imbalances under each scenario. The wind power uncertainty
is represented through a number of discrete realizations, constituting distinct scenar-
ios. In order to make informed investment decisions, the operation of wind-integrated
system under all plausible wind scenarios needs to be properly represented.

Taken together, the problem is a two-stage stochastic programming problem, since
the first-stage decisions on investment planning and day-ahead scheduling are made
under uncertainty of actual wind realization followed later by a second decision in the
real-time operation, which allows corrective, i.e., recourse, action to be taken in light
of the actual wind power production. All first-stage decisions are made up-front, and
cannot be modified as uncertainty about the future is resolved. The objective is to find
an optimal decision at the root node that performs well on average under all possible
scenarios.
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2.2 Assumptions

Following a common approach in the literature, the generation expansion plan is made
at a single point in time and establishes the optimal investment for that year, i.e., a
static investment plan. A dynamic investment approach would lead to a more complex
model. The considered target year includes a set of representative days on an hourly
basis. These representative days should be properly selected, such that those days
can adequately represent the diversity of daily load and wind conditions over a year,
while maintaining the scalability of the model [27,48]. Reference [28] investigates the
number of representative periods that are necessary to represent variability in the GEP
models.

In this paper, we consider consumers as inelastic loads, thereby instead of social
welfare maximization in expectation, we minimize the expected social cost. A central
planner, e.g., the system operator, aims at determining the most beneficial expansion
plan for the system as a whole, yielding the minimum overall system cost in expecta-
tion. We assume the system operator is risk-neutral, but it is straightforward to model
risk aversion in a linear fashion [7,31]. The investment costs are annualized and pro-
duction costs do not change over the planning horizon. The underlying power system
is considered to be energy-only, i.e., the producers are paid for their energy produc-
tion, but not for capacity-based products, e.g., capacity for reserve. In addition, we do
not consider decommissioning of existing units by the target year. The wind power
production cost is assumed to be zero. The supplied energy is required to meet the
demand in each time period within the day-ahead UC stage. In the real-time operation,
load shedding and wind curtailment are both allowed, but the former is subject to a
high penalty cost for the system.

The investment model is network-constrained; however, during the considered plan-
ning horizon, there is no change in the system topology, i.e., the existing transmission
lines remain the same throughout the planning horizon and cannot be extended within
this model. A study for evaluating the impact of transmission switching on expansion
decisions can be found in [60]. A loss-less DC representation of the transmission net-
work is embedded within the investment model, which is linear and appropriate for the
GEDP. In contrast, an alternative current (AC) representation of transmission system,
although more accurate, results in a non-convex model, requiring a convexified GEP
model using a relaxation method. The network constraints adequately represent the
effect of locating new units at different nodes, i.e., siting of facilities, as well as the
impact of transmission congestion. The UC constraints that are regarded and analyzed
for their impact on the generation expansion decision include start-up and shut-down
costs, minimum production limits, and hourly ramp rate limits of conventional gen-
eration units. For the sake of simplicity, active power losses, maintenance and fixed
costs, minimum up- and down-times, or fast-start units with the availability of start-up
at the real-time operation stage are not included in the proposed model. Including fast-
start units requires binary variables in the second-stage (real-time stage), which makes
the subproblems in our setup mixed-integer, and thus we cannot derive sensitivities
anymore for generating Benders’ cuts. Therefore, since we need convexity in sub-
problems, we discard the fast-start units in our model. One alternative decomposition
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solution to consider binary variables in subproblems is Dantzig-Wolfe decomposition
[14,54], which has its own pros and cons with respect to Benders’ decomposition. A
full UC model with all those limits is available in [38]. The only source of uncer-
tainty within the model is wind power generation, which is modeled through a set of
finite scenarios. The other potential sources of uncertainty, e.g., assets failure, demand
growth, investment cost, and regulatory policies are not considered. However, there is
no technical barrier, and they can be modeled using additional scenarios. We aim at
investigating the impact of active UC constraints on the optimal generation mix. These
UC constraints are often pushed to their limits due to the variability and uncertainty
of wind power production. Thus, wind power generation is chosen as the only source
of uncertainty.

3 Proposed model

The main notation used throughout the paper is defined below:

Indices:

d Index for representative days.

l Index for loads.

g Index for conventional generation units.
k Index for wind farms.

(n, m) Indices for system nodes.

s Index for wind power scenarios.

h Index for hours.

0 Index for generation expansion options.

(i, j) Indices for Benders’ iterations.

Sets

o) Set of optimization variables.

L Set of loads.

g Set of all candidate and existing conventional generation units (QE U QC).
g€ Set of candidate conventional generation units.

GE  Set of existing conventional generation units.

K Set of all candidate and existing wind farms (CF U KC©).
K€ Set of candidate wind farms.

K Set of existing wind farms.

2,  Set of nodes adjacent to node n.

Note that sets G, K and £ include subscript n if referring to the set of generation units,
wind farms and loads, respectively, located at node n.

First-stage continuous variables:

Xg Capacity of candidate conventional unit g (MW).
Xk Capacity of candidate wind farm k (MW).
X, Minimum power output of candidate conventional unit g (MW).

CSE[, »  Start-up cost of conventional unit g in hour & of day d (€).
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C;BL »  Shut-down cost of conventional unit g in hour £ of day d (€).

p?"} , Power scheduled for conventional unit g in hour % of day d (MW).

w,?‘;’ , Power scheduled for wind farm k in hour £ of day d (MW).
9}3’3’ , Voltage angle at node 7 in hour & of day d at the scheduling stage (rad).

P, q.n Anauxiliary continuous variable equal to a bilinear product of x , and ug g n

=g

- (MW).

D, 4., Anauxiliary continuous variable equal to a bilinear product of X and ug 4 5
(MW).

Second-stage continuous variables:

pls’lj, n.s 1nvoluntarily active load shedding of load [ in day d, hour h under scenario

s (MW).

r¢.d,h,s Power adjustment of conventional unit g in day d, hour /& under scenario s
(MW).

wf};’ n.s Wind power spillage of farm k in day d, hour h under scenario s (MW).

9)55’ ns VYoltage angle at node n in day d, hour / under scenario s (rad).

a§i) Benders’ proxy variable under scenario s (€)
First-stage binary variables:

ug q.n 0/1variable thatis equal to 1if conventional unit g is scheduled to be committed
in day d and in hour h.
ug,p(t, 0/1 variable that is equal to 1 if candidate conventional unit g selects generation

expansion option o.
Parameters:

RPS A non-negative factor indicating renewable portfolio standard as target per-
centage of renewables in future generation mix.

SEC  Anon-negative factor indicating supply security with respect to system load.

L Maximum load.

Ds Probability of scenario s. Note that ) " p; = 1.

od Weight of representative day d within the target year. Note that )~ ; 04 = 365.
)»és,U Start-up cost of conventional unit g (€).

X?D Shut-down cost of conventional unit g (€).

I, Annualized investment cost of candidate conventional unit g (€/MW-year).
I Annualized investment cost of candidate wind farm k (€/MW-year).

YZ,?; Capacity of expansion option o for candidate conventional unit g (MW).

X Capacity of existing wind farm k (MW).
X E,% Minimum power output of candidate conventional unit g under expansion
option 0 (MW).

Ce Marginal cost of conventional unit g (€/MWh).

L; a4 Power consumption of load / in day d and hour 4 (MW).

Fg Capacity of existing conventional unit g (MW).

P, Minimum power output of existing conventional unit g (MW).
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P;“;i Initial active power output of conventional unit g in day d (MW).

R; Ramp-up limit of existing conventional unit g (MW/h).
R, Ramp-down limit of existing conventional unit g (MW/h).
R;pt+ Ramp-up limit of candidate conventional unit g (MW/h).

R;’?t_ Ramp-down limit of candidate conventional unit g (MW/h).

R{;‘d Initial adjustment power of conventional unit g in day d (MW).

Fom Capacity of transmission line (n,m) (MW).

Ugy  Initial commitment status of conventional unit g in day d (0/1).

VlSH Value of lost load for load [ (€/MWh).

Whk.a.n.s Wind power realization (in per unit) of farm k in day d, hour % under scenario
s.

Wi .an Maximum wind power factor (in per unit) of farm k in day d and hour £ that
can be scheduled at the scheduling stage. It is assumed to be equal to the

. . —DA
expected power production, i.e., Wk’d’h = ZS PsWik.d.hs, Yk, Vd,Vh.
X ,111“,,"; Reactance of transmission line (n,m) (£2).
M A large enough positive value, e.g., maximum capacity of expansion options.

The proposed two-stage stochastic GEP model with UC constraints is formulated
as (1)—(4). The objective function (1) minimizes the expected system cost, and is
subject to the generation expansion constraints (2), the first-stage constraints (3) and
the second-stage constraints (4). The optimization variables of the GEP (1)—(4) are the

= opt _
elements of the set = GEP:{ugl?o, X s Xgo Xk, ngj,h’ C?%,h’ Ug d hs p?'z’h, w}?”:}’h, 92/2’,1,

SP SH RT et P .
Fo.d,hss WE g n.s> Prd.n.s On.a.n.s}- The objective function is given by (1) below:

MlggEr})lze Z Ig xg + Z I xi

gegC€ keKC
SU SD DA
+Y 0| Y (Cg,d,h+cg,d,h+cg Pg,d,h>
d (g€9),h
SH SH
+> | Y. Corgans+ >, VL] D
s (g€9).h (IeL),h

The objective function (1) contains the generation expansion cost of candidate units
(firstline), the system cost in day-ahead stage (second line), and the expected imbalance
cost in real-time operations (third line). The first term represents the investment cost
of newly built candidate conventional generation units, while the second term refers
to those costs for candidate wind farms. The next three terms correspond to the start-
up and shut-down costs of the conventional generation units and their production cost
dispatched in the day-ahead stage. The last two terms represent the expected regulating
power cost, i.e., the adjustment in power production, and load shedding cost for the
real-time operation. The generation expansion constraints are given by (2) below:
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Tp= Y ugy Koy Vgegc (2a)
Zu"‘“ X, Vgeg© (2b)
Zugf’; =1, Vgeg© (2¢)
o
xx >0, VkeKC (2d)
dYox+ > Xi+ ) %+ Y Pg=SECL, (2e)
kekC keKE geGC€ gegGE
dox+ Y Xi=RPS| D> X+ Y Pet Yy m+ . Xe|. (@)
kekC kekKE geg€ geGE kek€ kekKE

Constraints (2a) and (2b) set the capacity and the minimum power output of each
candidate conventional generation unit to the pre-specified values in the selected
expansion option. Equations (2c¢) ensure that only one option is selected for each
candidate conventional unit. Note that different generation expansion options are con-
sidered as inputs, available for a candidate conventional unit g € GC to be located at
a given candidate bus 7, including respective annualized investment cost /,, produc-

opt

tion cost Cg, capacity XY minimum output Xo", X, ,,, and ramp rate limits Ry, and

8.0’
Rgf),g . Notably, the option of no investment needs to be considered with X, g0 =0
MW, Xo% = 0 MW, Rgb" = 0 MW/h, and Rgh,~ = 0 MW/h. According to (2d), the
investment in additional wind capacity is non-negative and continuous. The long-term
capacity balance constraint in (2e) requires the total generation capacity to be equal
to or greater than a factor of the maximum system load. Constraint (2f) ensures a
generation mix according to the given renewable portfolio standard policy, adjusted
by the non-negative factor R P S. This renewable target constraint imposes a minimum
amount of installed power capacity from renewable generation units, defined as a frac-
tion of the system’s total capacity. The other potential implementations of RPS-based
policy, e.g., in terms of energy rather than capacity, is possible and straightforward.
The first-stage constraints are given by (3) below:

1
Zl’gD h+2wkdh ZLl,d’h_ Z Xt (Qndh deh>

g€Gy kelC, lel, mes2,

Vn,Vd,Vh (3a)
XoUgdh < Pouy < Xglgan, Vg €GS,Vd, Vh (3b)
Pougan<pyan<Pgugan VgeG" Vd,Vh (3c)
0<wPh, < Wiy Xe, VkeKE,vd,Vh (3d)
0<wPh, <Wehyx VkeKC, vd,Vh (3¢)

- DA ini + E
Ry = (PDS.gion) — PI) < Ry, Vg eGP vd (3)
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Ry = (pDhs - p?j,(h_l)) <R}, Vgeg® VdVh>1 (3g)

Zqut R < (pgd(h B Pgi‘};)< ughy RYPT, Vg e Gt vd  (3h)

opt OPt DA DA opt Opt+
Z“ (l’g,d,h—l’g,d,(hm) Z“

Vg € GC,Vd,Vh > 1 Gi)
—n<0ndh <m, Vn,Vd,Vh Gi)
Oomty.an =0, Vd,Vh (3Kk)
%ﬂ'}% (Gn dh~ Gmdh) < Fum, Vn,Vm € 2,,Vd,Vh 3l
Couduh=t) = Mg" (Mg,d,<h=1> - ;‘?iz) , Vgeg.vd (3m)
CS[tJi h = AEU (ugan —ugam—-1), Vg€ G.Vd,Vh > 1 (3n)
SY, >0, VgeG.vd, Vh Go)
?d(h 1 >,\SD( &‘,“Z—Mgd(h 1)) Vg eG,Vd 3p)
ss'% h = )‘ (”g d.(h—1) —Ugdn), Vg E€G,Vd Vh>1 (3q)
Cq dh>0 Vge§G,vd, Vh. Gr)

Constraints (3a) represent the power balance in the day-ahead stage at each node,
for each representative day, at every hour. Constraints (3b)—(3e) enforce lower and
upper bounds for power production of existing and candidate conventional units, as
well as existing and candidate wind farms, respectively, for each day and every hour.
Constraints (3f) and (3g) limit the ramp rates for existing units, i.e., the change in
hourly power production may not exceed the maximum ramp-up and ramp-down
rate of each conventional unit, at every day and every hour. Similarly, constraints
(3h) and (3i) ensure the ramping limits for candidate units. In particular, constraints
(3f) and (3h) enforce the ramping limit in the first hour of each representative day.
Constraints (3j) restrict nodal voltage angles in the scheduling stage, while constraints
(3k) set node n = 1 as the reference node. Constraints (31) enforce the capacity limit
of each transmission line. Constraints (3m)—(30) and (3p)—(3r) calculate the start-up
and shut-down costs of the conventional units, respectively. The explicit modeling
of operational reserve requirements to cope with uncertainty from renewable energy
generation is not necessary in this setup, since the stochastic UC model optimizes
day-ahead decisions with respect to all plausible scenarios in real time [29,43]. The
second-stage constraints of the proposed GEP model are given by (4) below:

Z(Pgdh+rgdl1s)+z Wkdhs—wkdhs Z(leh_pldhs)
g€q, kelkC, lel,

= Z (O, s —ORY o s) . Yn,¥d, Vh, Vs (4a)

mes2, n,
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0<pins <Lian ¥, ¥d VhVs (4b)
0<wi® s < Weans Xe. Vk € KE,¥d, Vh, Vs (4c)
0<wh o < Weans x. Yk eKC,Vd, Yh,Vs (4d)
XolUgdh < (rg,d,h,s + P?ﬁ,h) <Xgugan VgegC vd,Vh,Vs (4e)
Pougan < (rg,d,h,.s + PgDﬁ,h> <Pgugan, VgeG© Vd Vh,Vs (4f)
- oA o
Ry = [(PPhmn +reaamns ) — (P + REG) | =< RS
Vg € GE, vd, Vs (4g)
Rg_ < I:(p?/?jh + rg,d,h,s) - (pgDﬁ’(h_l) + rg,d,(hfl),x):l < R;_7
Vg € GE,Vd,Vh > 1,Vs (4h)
> ue R = [(PRh ey + reainmnis) — (P + R | = D2l RP
o o
Vg € GC,Vd, Vs (41)
t t— t+
ugl,)o Rgp =< [(P?j,h + rg,d,h,s) - <p?ﬁ’(h,1) + rg,d,(h—l),s)] = Zugp; Rgp s
o
Vg € G°.Vd,Yh > 1,Vs C))
—m <08, <7 Vn,¥d,VhVs (4k)
RT
O ) g =0, Yd.¥h,¥s (41)

1
< O s = O ) < Fam, ¥n,Vm € $2,,¥d, Vh,Vs. (4m)
n,m

Constraints (4a) enforce the power balance in real-time operation at each node and
for each representative day at every hour under each scenario, resolving the devi-
ations of actual wind production with regulating power provision by conventional
units, and/or wind power curtailment, and/or load shedding. The uncertain parame-
ter Wi 4.5, in (4a) characterizes the wind power uncertainty. Constraints (4b)—(4d)
restrict the amount of curtailed load as well as curtailed wind power by existing and
candidate farms, respectively. The wind power spillage is a balancing action, which
occurs only if there is no generation unit whose production level can be reduced. One
can enforce a higher use of wind power by adding wind spillage cost (it is zero in
the current setup) or adding a constraint for renewable portfolio standard in terms of
energy and not power. However, both may increase the system cost. For each existing
and candidate conventional unit, respectively, constraints (4e) and (4f) enforce lower
and upper bounds for its actual power production, i.e., tentative production schedule
at the first stage plus its regulating power provided in the real-time stage. Constraints
(4g)—(4j) enforce ramping limits for actual production of existing and candidate con-
ventional units. Constraints (4k) enforce the lower and upper bounds of the real-time
nodal voltage angles, while (41) sets node n = 1 as the reference bus. Constraints (4m)
limit the capacity of each transmission line in real-time under all scenarios. Note that
equations (4a) and (4e)—(4j) link the first and second stages. Note also that the current
form of GEP model is mixed-integer and non-linear. The sources of non-linearity are
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constraints (3b) and (4e) as they include the product of binary and continuous vari-
ables, i.e., X, Ugdh and X ug g 5. Pursuing linearity, constraints (3b) and (4_e) are
linearized in an exact way using two auxiliary continuous variables @, ; , and @ 4.5
as well as a large positive constant M, e.g., maximum capacity of expansion options.
For this linearization, the following constraints are included in the GEP problem:

—tgdn M <Py gy Sugan M, Vg€ G®,Vd, Vh (5a)
— (I —ugan) M < (Dy gy —x,) < —ugan) M, VgeG® ¥d,Vh (5b)
—tgan M < @gan <uganM, YgeG© Vd, Vh (5¢)

— (I —tgan) M < (@gan—%g) < (I —ugan) M, YgeG° ¥d,Vh. (5d)

The functioning of constraints (5) are as follows: if the optimal value of binary
variable ug 4 j, is zero, then (5¢) enforces 5&,1,;1 = 0, while (5d) is inactive. Otherwise,
if the optimal value of binary variable ugy 4, = 1, then (5¢) is inactive, while (5d)
enforces ¢ 4 = Xg. Similarly, constraints (5a) and (5b) set the optimal values for
[ and x g Therefore, the non-linear equations (3b) and (4e) in the GEP problem
can now be substituted by the following two linear equations:

gg,d,h = P}?ﬁ’h = 5g,d,hv Vg € gC’ vd,Vh (5e)

Dan = (reans + P244) = Poan, Vg GO VAV Vs (5D

4 Scalability strategy: multi-cut Benders’ decomposition

The proposed mixed-integer linear GEP model (1)—(5) potentially becomes compu-
tationally intractable if many representative days and scenarios are considered. For
scalability purposes, this section develops a solution strategy based on a multi-cut
Benders’ decomposition algorithm [5,6] to solve problem (1)-(5). Decomposition
means the splitting up of a mathematical programming problem into a set of sepa-
rate smaller problems that are each easier to solve compared to the original problem
and then reintegrate them in an iterative manner to get an overall solution [10]. Ben-
ders’ decomposition procedure has been extensively applied to stochastic two-stage
programming problems, known also as the L-shaped method [10,55,65].

4.1 Decomposition by scenario and representative day

Fixing the first-stage (i.e., expansion and day-ahead UC) variables to given values in
the original problem (1)—(5) decomposes the proposed problem into a set of contin-
uous linear subproblems, one per representative day and scenario, each representing
the real-time operation in the second stage. These fixing variables are referred to as

complicating variables [10] and include xy, pg d.h Ugdhs d>g d.ho q§g d.h»and rampg.

Note that dummy variable rampy is defined here as ) ", uoPt R0pt+ Vg € G€. We then
formulate a MILP, the so-called master problem, to update the value of complicat-
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ing variables in each iteration. A requirement for Benders’ decomposition algorithm
to work is convexity of the original problem with respect to complicating variables
[10]. Since the original problem (1)—(5) does not necessarily have a convex solution
space, Benders’ decomposition is not generally applicable to this problem. The use
of Benders’ decomposition with either uni- or multi-cut algorithm becomes a heuris-
tic. However, with an increasing number of scenarios, the objective function of the
original problem as the expected value over all scenarios asymptotically convexifies
[34], and thereby Benders’ convergence might be obtained. Increasing the number of
scenarios smoothens the objective function. The reason for this is that with increasing
number of scenarios, the probability of each scenario lowers, and thus, the weight
for the scenario in the objective function reduces, provided that the data for added
scenarios is not too volatile. Briefly, the proposed problem is sufficiently convexified
by considering a large enough number of scenarios. The numerical analyses in Sect.
5.4 verify the well-functioning of the proposed Benders’ algorithm.

4.2 Subproblems

. . . . . fixed(i) DA, fixed(i) _ fixed(i) Jixed(i)
For given values for complicating variables, i.e., x; Podn sUgan Loan

— fixed(i . : . :
D,y ' and ram pe® the continuous linear subproblem associated with represen-

tative day d and scenario s is formulated as (6) below. The optimization variables, all

pertaining to Benders’ iteration 7, for each subproblem (6) are the elements of the set

Hsp(l) @ O DAD D) i =0 i a0 SP(i) SH(i)
=2yl X s Podn Ugdan Lodn ‘Dg d,s TAMPg- To g ns» Wkd hs» Pldn,s
RT(1)

n,d,h,s }
SH
{Mlgé{)mze z Z Cer g)d,h,s + Z VISH pld(llz)v (6a)
‘:’d,s g€G.h leLh
subject to:
(4a) — (4d) (6b)
(4) — (4h) (6c)
ramp, < [(P?ﬁ,(h:l) +rg,d,(h=1),s> - ( ni 4 Rlnl )] < ramp,,
vg e G¢ (6d)
ramp, < [(ng,h + rg,d,h,s) — (pgﬁ,(h_1> + rg,d,(h—l),s)] = ramp,,
Vg € gc,Vh > 1 (6e)
(4k) — (4m) (6f)
(5f) (62)
2D = yfixed® Ay, Vke kS (6h)
DAG) DA fixed()  , pPA® i
pg’d"h = g,d’h"e Vo ;d,h,s, Vg, Vh (61)
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<6J‘>
2?(1 n= nggd}fl) : %fi})h o Vge gt vh (6k)
52)51 h= _2?{5%1) : )‘iil),h,s’ Vg € G, Vh ©h
mmp(l) — ram pﬁxed(l) )h;“’:j"ﬁ(i), Vg € g€ (6m)

Vd Vs.

Objective function (6a) minimizes the imbalance cost of the system in representa-
tive day d incurred in the real-time operation under scenario s. Constraint (6b)—(6g)
includes all second-stage constraints, while (6h)—(6m) fix the complicating variables
to predefined values. The dual variables of fixing constraints (6h)—(6m), i.e., Af; o

DAG) (0] —(i) (i)
P u(i) D ) ramp! . e .
Ao dis Yodhs Fodhs Madhs Pods 0 provide sensitivities required for building

Benders’ optimality cuts in the master problem, which will be explained later in (8b).
For given values for complicating variables, the solution of the subproblem above pro-
vides optimal values for the non-complicating (i.e., second-stage) variables and the
dual variable vector associated with fixing those constraints. It is worth mentioning
that in the subproblems, u? .a.p 1s treated as a continuous variable, although its value
is fixed to a binary parameter (0 or 1). Therefore, each subproblem is continuous and
linear. The solution of all subproblems, one per representative day and scenario, allows
computing an upper bound for the Benders’ algorithm at iteration i as follows:

(1) _ Z I xﬁxed(l) + Z I x ﬁxed(l)

geG€ kekKC
SU,fixed(i) SD ﬂxed(l) DA fixed(i i
+ Z 0d (Cg,d,h ( +c g +Cé’ g,d,h ()) + Z(l)‘ )
g.d.h
The values of c?}fl’j’(ed(l) and c;’%’%xed(l) are calculated using fixed values for ugf(;%l) ,

while z is calculated as Y | ps 04 zfj)Y

4.3 Master problem

The master problem is formulated as mixed-integer linear problem (8) below. All
variables refer to Benders’ iteration i.

L —(i) ()
Mglhl&li}ze Zdown Z I, X, + Z Iy x;

geg¢ kekC
SU SD DA 2 : i
+ Z ( g d(ll)z g d(1;),+cg g d(lh)) + Ps agl) (83.)
g.d,h K

subject to:
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()]
ZO’dZ + Z o4 kzd,s (x,?)—x]?))

keKC.d
pPAd DA(®) DA())
+ 2 Ud)‘gdhs< Pg.d.h _pg,d,h)
g.d,h
() ()]
+ Z Gd)‘gdhs( gdh_”gdh)
g.d,h
o0 0) 0)
+ Z 0d Mg g s (dih _Qg,d,h)
g€GC.d,h
70) (3 ..
@ (1) ()]
+ D Gdhgans (‘pg,d,h - (pg,d,h>
g€GC.d.h
+ Z ;a;"f (rampg) — rampg)) < (x?),
geGC.d
Vs,Vj=1,...,i —1 (8b)
al® > gdovn v (8¢)
(2a) — (2f) (8d)
(3a), (3¢c) — (3r) (8e)
(5a) — (5e) (8f)
ul, €10, 1) (82)
(1) DA(i) (-1 () E
£g edh = Podn + [mmr dhs] Ug g p> Vg € G*,Vd,Vh
(8h)
DA(i) @i-1) (i) (i) E
Pegan ™t I:msaxrg,d,h,s] Ugan = Py Ug'qp» Y& E€G .V, Vh
(81)
gg)d n = pgDz(lh) + [mlnr;;)h s] “g,)d,h’ Vg € gc,Vd, Vh
(8j)
DA
P+ [maxrf D, ] uly = B Vg € 66, vd, Vh
(8k)

The objective function (8a) corresponds to (1), where the auxiliary variable a(l) rep-

resents the real-time operation cost under scenario s. The optimization variables of
@ 0] —(1) M opt)

master problem (8) are the elements of the set = FMP()— ={Zgpwns Xp > s Xg'y Ug
i =0 DAG) SUG) SDG) DA®) . DAG) () 10 )
Qg’d’h, ¢g,d,h’en,d,h’cg,d,h’cg,d,h’ Podn Wed o Ugdp TaMPg » s }. The optimal

objective function value of the master problem pr0V1des a lower bound for the optimal
objective function value of the original problem, because problem (8) is a relaxation of
the original problem. The solution of this master problem provides the updated values
for the complicating variables that are fixed within the subproblems. Constraints (8b),
one per scenario, are Benders’ optimality cuts. These constraints tighten the feasible
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space of the master problem over iterations using the values obtained for dual variable
vector A in the subproblems. In a regular unicut Benders’ decomposition implemen-
tation, a single cut is generated considering all scenarios [5]; however, a multi-cut
version of Benders’ decomposition generates one cut per scenario [6]. The multi-cut
Benders’ decomposition generally converges faster than the regular one, but at the cost
of increased dimension for the master problem especially in problems with a high num-
ber of scenarios [33,63]. Note that the optimality cuts (8b) are sufficient, i.e., Benders’
feasibility cuts are not required in this implementation since the subproblems (6) are
always feasible for any given values of the complicating variables due to the possibility
of load shedding and wind power spillage. In general, the multi-cut algorithm tends
to require fewer iterations than the unicut algorithm. However, the trade-offs in terms
of computational time are problem-dependent [57,62,64]. An alternative approach to
the multi-cut version is an adaptive strategy, i.e., starting with the multi-cut version of
Benders’ algorithm and then switching to the single-cut version after a few iterations
[53,55,65], which is outside the scope of this work.

Constraints (8c) impose a lower bound on «; to avoid the master problem to be
unbounded in the first iteration. Constraint (8d) includes the generation expansion con-
straints in the original GEP model, while (8e) consists of the first-stage constraints. In
addition, (8f) contains the linearization constraints. Constraints (8h)—(8k) replace the
first-stage constraints (3b) and (3c) in order to accelerate the convergence of Benders’
decomposition by improving the information flow between subproblems and master
problem, as originally proposed in [34]. Note that [miny r;—;’)h’ ] and [max; rg";’)h’s]
are both parameters obtained from the solution of the subproblems in the previous
iteration, and illustrate the minimum and maximum regulating power provided by
generation unit g over scenarios s in hour £ of representative day d. In this way, in
addition to Benders’ cuts (8b), constraints (8h)—(8k) provide extra link between master
problem and subproblems without drastically increasing the computational effort.

4.4 Benders’ algorithm

The proposed Benders’ algorithm works as follows: within a stochastic minimization
problem, upper bounds are obtained by fixing the first-stage variables and optimizing
the second-stage decisions (subproblems) for each representative day and scenario.
Lower bounds are obtained by solving a master problem in the space of the first-
stage variables, which incorporates lower bounds on the expected second-stage costs.
Convergence of the algorithm is achieved by improving the lower bound with the
master problem which adds successively dual information of the second-stage costs
obtained from the upper-bounding subproblems, which in turn potentially leads to
first-stage decisions that improve the upper bound. Lower bounds on the second-stage
costs are added to the master problem in the form of optimality cuts determined by
the dual multipliers of the subproblems, see Fig. 2.

In turn, these subproblems then provide new information to formulate a more accu-
rate master problem that provides new values of complicating variables. The procedure
continues until upper and lower bounds for the optimal value of the objective function
converge [10]. The steps for Benders’ algorithm are as follows:
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non-decomposed GEP
problem with UC constraints
(MILP)

]

VI Fixed complicatingvariables

Update complicatingvariables

Master problem Subproblem per
(MILP) wind scenario and
representative day

Sensitivities O
obtained
from
subproblem

Optimal
solution

Convergence
check

no VES m—

Fig.2 Flowchart of Benders’ Algorithm

1. Input: a small tolerance ¢ to control convergence, and initial guesses of the com-

. . —(0
plicating variables, x,ﬁo), 222’,}1’ @;’)d,h, p?ﬁfz), u(go,ll,h’ and rampé. ).
egs s . . i —fixed
2. Initialization: Seti = 1, ZSZan = —oo,x,‘j"ed = x}({O)’ Qg";dh = _g)zi @ edh =
—(0) DA fixed DAO)  fixed 0) fixed 0)
g.d.h pg’d’h = pg’d’h , ugf(;,h = ug,d,h and rampg"e =rampg".
3. Initial representative day: Consider representative day d = 1.
4. Initial scenario: Consider scenario s = 1.

5. Subproblem solution: Solve (6) for representative day d and scenario s and cal-
culate ZS’)‘Y.

6. Next scenario: Consider the next scenario, and repeat step S. If all scenarios have
been considered, go to the next step.

7. Next representative day: Consider the next representative day, and repeat steps
4 to 6. If all representative days have been considered, go to the next step.

8. Convergency check: If |z§,1; - zsz)wn| < g, the optimal solution with a level of
accuracy ¢ has been obtained. Otherwise, calculate z and the sensitivities to build
the next Benders’ cuts. Then, seti <— i + 1.

9. Master problem solution: Solve (8), calculate z

complicating variables. Then, continue in step 3.

®

down and update the values of

5 Numerical study

This section presents numerical results for two case studies. The first illustrative exam-
ple is based on a six-node power system, whose typology is shown in Fig. 3. This case
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Fig.3 Topology of the six-node power system

study is in fact a modified version of the system used in [24]. Next, a larger case study
is presented based on an updated version of the IEEE 24-node reliability test system
[37].

5.1 Six-node test system: input data

We use the conventional generation data from [23,24], as well as the load forecast of a
regional transmission operator in the PJM market in 2016 [3] and the wind realization
data of the Belgian transmission system operator, ELIA [1]. The technical input data
for existing and candidate conventional generation units are given in Table 2. Note
that conventional generation units g1 to g8 are existing units, while g9 and g10 are
the two candidate conventional units to be built, each with five expansion options. In
addition to conventional units, an existing wind farm k1 with an installed capacity of
500 MW is located at node n3, while k2 is a candidate wind farm at node n1.

The annualized investment cost for additional wind capacity is €100,000/MW,
while it is €75,000/MW and €20,000/MW for the candidate generation units g9 and
g10, respectively. The capacity of transmission lines n3 to n6 and n2 to n4 is 500
MW, while it is 450 MW for the rest of lines. The reactance of all lines is 0.001 Ohm.
The renewable portfolio standard factor is set to 0.3, enforcing the share of renewable
capacity to be at least 30% of the total generation portfolio including all existing and
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Fig.4 Daily load profile of demands in a sample representative day

candidate conventional and renewable units. The supply security factor is set to 120%
of maximum load.

We consider ten representative days for modeling the target year, whose weights are
equal, i.e., 36.5. This case study includes four demands, and their load profiles over
one sample representative day are illustrated in Fig. 4. The value of lost load of each
demand is identical, i.e., €300/MWh. In addition, we consider 100 equiprobable wind
scenarios. Note that each wind scenario includes wind power realization of each farm
(either existing or candidate) over all hours and representative days. In other words,
each scenario includes 10 daily wind power profiles (one per representative day) for
each farm, as depicted in Fig. 5 for the existing wind farm for one sample representative
day. The whole input data and the codes used are available in the electronic companion
of the paper [50].

5.2 Six-node test system: numerical results

Figure 6 illustrates the evolution of multi-cut Benders’ algorithm over iterations. This
algorithm converges in the seventh iteration, in which the difference between upper
and lower curves goes below the predefined tolerance.

The optimal expansion plan for the six-node system with 100 scenarios incurs
expected cost of €206,357,882. According to the optimal GEP results obtained, a new
wind farm with the capacity of 497.7 MW as well as a 800-MW conventional unit are
installed. This new conventional unit is the one located at node n6 (i.e., g10) with the
minimum production level of 200 MW and ramp rates of 400 MW/h.

We now evaluate the impact of UC constraints on GEP decisions by adding or
removing each constraint one at a time. Accordingly, eight cases are defined incorpo-
rating different combinations of UC constraints. Starting with the complete original
model, different constraints are individually relaxed. These cases, summarized in Table
3, are:

— Case 1: This case refers to a GEP problem with all UC constraints included, i.e.,
start-up and shut-down costs, minimum production and hourly ramp rate limits of
conventional generation units.
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Fig.6 Six-node test system: evolution of multi-cut Benders’ algorithm over iterations. This case considers
10 representative days and 100 scenarios (i.e., 1000 subproblems)
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Table 3 Summary of cases

Case Start-up and shut-down Minimum production Ramp limits of units
costs of units included? level of units included? included?
Case 1 Yes Yes Yes
Case 2 No Yes Yes
Case 3 Yes No Yes
Case 4 Yes Yes No
Case 5 No No No
Case 6 Yes No No
Case 7 No Yes No
Case 8 No No Yes

— Case 2: This case is similar to Case 1, but the start-up and shut-down costs of
conventional units is excluded.

— Case 3: This case is similar to Case 1, but the minimum production level of gen-
eration units is fixed to zero.

— Case 4: This case is similar to Case 1, but the hourly ramp rate limits of generation
units are excluded.

— Case 5: This case refers to a GEP problem with economic dispatch constraints
only; none of the UC constraints is included.

— Case 6: This case is similar to Case 5, but the start-up and shut-down costs of
conventional units is included.

— Case 7: This case is similar to Case 5, but the actual non-zero minimum production
level of generation units is included.

— Case 8: This case is similar to Case 5, but the hourly ramp rate limits of generation
units are included.

Figure 7 summarizes the results obtained from Cases 1 to 8. The capacity of newly
built conventional and wind units as well as the total expected system cost, i.e., the
optimal value of objective function (1), vary depending on the relaxation or enforce-
ment of UC constraints. We consider Case 1 as a benchmark since it enforces all
UC constraints. Among Cases 2 to 4, the relaxation of ramping constraints (Case 4)
causes the largest underestimation of system cost and new capacity required, while
the other relaxations (Cases 2 and 3) yield a slighter underestimation. In particular,
Case 2 excluding the start-up and shut-down costs of conventional units obtains the
same expansion decisions compared to those in Case 1, but a lower system cost. Fur-
thermore, Fig. 7 shows that the incorporation of hourly ramping constraints into the
GEP model (Case 8) significantly reduces the cost error, and in this specific example,
it even leads to the correct investment decision (i.e., the same expansion decisions as
in Case 1). The other constraints in this specific example seem to be considerably less
effective. For example, incorporating the start-up and shut-down costs of units (Case
6) or minimum production level of units (Case 7) while ignoring ramping constraints
still causes wrong investment decisions with a comparatively high system cost under-
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Fig.7 Six-node test system: GEP decisions (newly built units and system cost) obtained for different cases.
Case 1: full UC (benchmark), Case 2: relaxed start-up and shut-down costs, Case 3: relaxed minimum level
of production, Case 4: relaxed ramping limits, Case 5: no UC constraints, Case 6: enforced start-up and
shut-down costs only, Case 7: enforced minimum level of production only, Case 8: enforced ramp rates
only

estimation. The next four subsections provide more details on the impact of each UC
constraint on expansion decisions.

5.2.1 Generation expansion planning model without unit commitment constraints

Neglecting all UC constraints in the GEP decision-making in Case 5 leads to the under-
estimation of expected total system cost as well as a lack of investment in renewable
and conventional capacity. A simple GEP model which ignores operational details
underestimates the system need for flexibility and hence leads to a suboptimal capacity
investment decision and generation mix. The flexibility provided through load shed-
ding and wind curtailment is assumed to not be necessary and the need for reserve
deployment in real-time operation is underrated.

The costs of neglecting the UC constraints could be quantified by enforcing the
investment decisions resulted from the model with relaxed UC constraints (Case 5)
within the original GEP model (Case 1) considering all UC constraints. However, in
this instance, the investment decision of Case 5 leads to infeasibility of the original
model. The infeasibility derives from the requirement that demand and production
need to be balanced properly in the day-ahead stage of the model, and load shedding
is not allowed before the real-time operation planning stage. This suggests that in the
short-run system security is endangered and in the long-term system adequacy issues
will arise by omitting UC constraints in GEP decision-making problem.
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5.2.2 Impact of start-up and shut-down costs

The start-up cost cgg ;, and shut-down cost c?% ;, are included in the master problem’s

objective function (8a) and also in the upper and lower bounds (7) and (8a). In Case 2
omitting cés,%’ , and C;BJ, ; causes no error of the investment decision and only a small
error of underestimating the expected total system cost, partly caused by neglecting the
total start-up cost of €317,232 from the original model in Case 1. Moreover, more shut
downs and start ups occur for generation units g2, g6, g7, and g10 when neglecting
start-up and shut-down costs.

On the other hand, in Case 6 enforcing start-up and shut-down costs as the only
UC constraint, while omitting minimum production and ramp rate limits, leads to
a significant underestimation of the total expected cost as well as of the necessary
investment in new renewable and conventional capacity. Furthermore, wind spillage
does not occur and also the flexibility provided through load shedding is only sparsely
used. The flexibility of generation units is overestimated when neglecting the hour-
to-hour ramp rate limitations and minimum output requirements. The modelling of
start-up and shut-down costs alone cannot provide enough operational detail to reach
the optimal generation mix providing sufficient flexibility.

5.2.3 Impact of minimum production level of conventional generation units

The minimum output level constraints are relaxed in Case 3 by setting the lower
bounds on production in (3b) and (3c) for the day-ahead scheduling and in (4e) and
(4f) for the real-time operation to zero. This relaxation leads to the correct investment
decisions, but underestimates the total expected cost of the system. Furthermore, this
relaxation leads to a reduced power adjustment by conventional generation units, wind
spillage and load shedding due to the increased flexibility assumed to be provided by
generation units producing below the minimum output level.

On the other hand, enforcing minimum production limits while neglecting start-up
and shut-down costs and ramp rates (Case 7) leads to an underestimation of capacity
investments, total cost, and the necessity for wind curtailment under some scenarios.

5.2.4 Impact of ramp rate limits

In Case 4 omitting equations (3f)—(3i) and (4g)—(4j) for the ramp rate limitation of
existing and candidate generation units in the first and second stages leads to a large
error in GEP decisions of conventional and renewable candidates. Furthermore, this
relaxation overestimates the flexibility of conventional generation units in the real-
time stage. Therefore, load shedding in Case 4 is reduced compared to Case 1, and
wind spillage is zero.

On the contrary, Case 8 considering ramp limits while omitting start-up and shut-
down costs and production limits leads to the correct investment decision and a slight
underestimation of the expected system cost.

The results of Cases 4 and 8 imply that the ramp rate limits are the most important
UC constraints in this specific case study to be included in the GEP problem.

@ Springer



A. Schwele et al.

00 conventional unit at node 4 || —g@— Cost
250 - o o D |:| Conventional unit at node 14 — 370
LY 0o Wind at node 24

N —~

] ] M M M M ] w

g

. 200 A — - 360 =

> o :

‘z’ %

= o S

e g
=

Z 150 350 2

E . 2

e E

A

100 &/ 340 %

=

2

H H H H )

50 —" 330

Case 1 Case 2 Case3 Case4 Caseb Case 6 Case7 Case 8

Fig.8 IEEE 24-node RTS: GEP decisions (newly built units and system cost) obtained for different cases.
Case 1: full UC (benchmark), Case 2: relaxed start-up and shut-down costs, Case 3: relaxed minimum level
of production, Case 4: relaxed ramping limits, Case 5: no UC constraints, Case 6: enforced start-up and
shut-down costs only, Case 7: enforced minimum level of production only, Case 8: enforced ramp rates
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5.3 IEEE 24-node reliability test system: numerical results

Next, we present numerical results for a larger case study based on an updated version
of the IEEE 24-node reliability test system [37]. We consider five candidate con-
ventional generation units to be built at nodes 4, 8, 10, 14, and 20, each with five
expansion options. In addition, we consider two candidate wind farms at nodes 19
and 24. According to the optimal GEP results obtained for a case with 100 scenarios
and 10 representative days, the total new wind capacity of 1114 MW (including 870
MW at node 19 and 244 MW at node 24) as well as the total conventional capacity
of 925 MW are installed. These new conventional units have capacities of 100, 150,
200, 225, and 250 MW, with the minimum production levels of 50, 50, 50, 20, and 10
MW, and ramp rates of 75, 100, 150, 150 and 150 MW/h, respectively.

Similar to Sect. 5.2, the same eight cases in Table 3 are used to analyze the GEP
decisions in the 24-node system, whose results are summarized in Fig. 8. Across all
cases, the investment decisions at nodes 8, 10, 19, and 20 are unchanged. However,
the investment decisions in newly built conventional and wind units at nodes 4, 14,
and 20 depend on the relaxation or enforcement of UC constraints, leading to varying
total expected system cost. Case 1 (as the benchmark) enforces all UC constraints,
which obtains the most accurate investment decisions and the total expected system
cost. The relaxation of start-up and shut-down costs (Case 2) or minimum produc-
tion levels (Case 3) results in identical generation expansion planning decisions to

@ Springer



Do unit commitment constraints affect generation expansion planning?...

those in Case 1, while underestimating the expected system cost. Relaxing the hourly
ramping constraints (Case 4) causes the underestimation of both system cost and new
conventional and renewable capacity required. Incorporating only ramping constraints
(Case 8) obtains accurate investment decisions, while underestimating the system cost.
Neglecting all UC constraints (Case 5) or only considering the start-up and shut-down
costs of units (Case 6) or minimum production levels (Case 7) leads to inaccurate
investment decisions and system cost underestimation.

The results from both case studies imply that UC constraints may impact the optimal
generation portfolio mix. Moreover, neglecting these constraints may lead to erroneous
investment decisions. Within these case studies, ramp rate limitations are shown to
have the most impact, while start-up and shut-down costs and minimum production
requirements seem to be less influential. However, one needs to note that these results
are system specific. Nonetheless, the proposed model serves as a tool for evaluating
the impact of UC constraints on capacity expansion decisions in various systems.

5.4 Performance validation of Benders’ decomposition

We verify the well-functioning of Benders’ algorithm through a numerical analysis. To
be able to compare the results of original and decomposed models, we first reduce the
number of scenarios to make the original model computationally tractable. We consider
a case with ten representative days and ten scenarios. Our results given in Table 4 show
that both direct non-decomposed and decomposed solution techniques (either using
uni- or multi-cut algorithms) end up to the same investment decisions for the six-node
test system. In addition, the multi-cut Benders’ decomposition algorithm converges
faster (10 iterations) with respect to the uni-cut one (29 iterations). This numerical
analysis confirms the well-functioning of the proposed decomposition algorithm. Table
5 verifies the solution performance of the multi-cut Benders” decomposition for the
IEEE 24-node reliability test system.

5.5 Computational performance

We solve the proposed model on an Intel CoreTM i5-5200U with two processors
clocking at 2.70 GHz and 4 GB of RAM using CPLEX 12.6.3.0 under GAMS 24.7.4
solved with an optimality gap tolerance of 1%. The predefined tolerance for Benders’
convergence is € = 0.5% of master problem’s objective function obtained in each
iteration. Table 6 gives the CPU time required to solve the original non-decomposed
problem for both six- and 24-node case studies under different number of representative
days and scenarios. As expected, it quickly becomes computationally intractable by
adding more days and scenarios.

The proposed Benders’ algorithm allows decomposing the original model by
representative day and scenario. Therefore, it decomposes this case study to 1000
subproblems (100 scenarios and 10 representative days). The scale of each single
subproblem is considerably smaller than the original non-decomposed GEP prob-
lem. However, the size and complexity of the master problem including Benders’
cuts increase significantly over iterations. Table 7 illustrates the computational per-

@ Springer



A. Schwele et al.

Table 4 Six-node test system: comparison of the results obtained from original and decomposed models
for a case with ten representative days and ten scenarios

Solution method Non-decomposed Decomposed model Decomposed model
model with uni-cut algorithm  with multi-cut algorithm
Optimality gap tolerance 1% 1% 1%
Convergence tolerance & - 0.5% 0.5%
Number of iterations - 29 10
Total expected system cost ~ 205.7 204.9 207.9
[Million €] (—0.3%) (+1%)
Additional wind capacity ~ 497.7 497.7 497.7
(MW)
Additional conventional 800 800 800
capacity (MW)
Minimum production of 200 200 200
additional generator
(MW)

Table 5 IEEE 24-node RTS: comparison of the results obtained from original and decomposed models for
a case with ten representative days and ten scenarios

Solution method Non-decomposed Decomposed model  Decomposed model with
model with uni-cut algorithm  multi-cut algorithm
Optimality gap 1% 1% 1%
tolerance
Convergence - 0.5% 0.5%
tolerance ¢
Number of iterations - 23 5
Total expected system  367.4 365.2 (+0.5%) 370.2 (—0.7%)
cost
[Million €]
Additional wind 237 237 244 (+3%)
capacity (MW)
Additional 325 325 325
conventional
capacity (MW)

formance of Benders’ algorithm. The subproblems are of small size, while the master
problem becomes more complex with increasing number of iterations due to multiple
cuts added in each iteration. Note that a large number of representative days might
still be computationally difficult even for the decomposed model, since the size and
complexity of the master problem increase significantly with the number of days.

6 Conclusions

Many of the most commonly used GEP models have been formulated in a way that
neglects the UC constraints of conventional units. The integration of variable renew-
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Table 6 Computational considerations corresponding to the direct non-decomposed solution method for
both six- and 24-node case studies

System # Representative  # Scenarios  # All # Binary # Equations  Gap (%) CPU
days variables variables time (s)

Six-node 10 10 105,136 2,410 214,808 0.01 269.2
10 20 196,336 2,410 404,408 0.01 6027.9
15 10 157,696 3,610 322,208 0.01 6267.9
10 50 469,936 2,410 973,208 Intractable
10 100 925,936 2,410 1,921,208 Intractable

24-node 10 100 1,569,398 4,105 5,588,897 Intractable

Table 7 Computational considerations of the proposed multi-cut Benders’ decomposition

System # Repr. # Scen. CPU time (s)
days
Subproblem Initial Master problem in  # Iterations
average master last iteration
problem
Six-node 10 100 0.1 33 103 7
24-node 10 100 0.1 6 86 5

able power has consequences for the effectiveness of existing GEP models. Where UC
characteristics are not accounted for in these expansion models, changes in how units
are committed and dispatched cannot be anticipated, leading to portfolios unsuited for
variability.

This paper introduces an efficient method to include UC constraints into a GEP
model, exploring the impacts of these operational details within a two-stage planning
model under wind uncertainty. This paper also seeks to determine which UC constraint
is more effective in the generation planning problems for systems with high wind
power penetration, and provides critical implications to decision-makers relating to
the capacity expansion planning. The illustrated case studies demonstrates that the
incorporation of UC constraints affects the expansion decisions for an optimal future
capacity mix. Within these specific case studies, the ramp rate limit of units has the
largest impact on the GEP decisions, whereas the minimum output level and start-up
and shut-down constraints are less influential. Therefore, the elimination of ramping
limits in our case studies is the most distorting simplification.

Other UC constraints which can be modeled for future analysis are minimum up-
and down-times, or the start up of fast-start units in real-time. Moreover, the impact
of active power losses, maintenance and fixed costs may be analyzed further on. In
addition, the joint generation and transmission expansion planning problem may be
the topic of future research. A further extension of the proposed method could be an
implementation of multi-stage investment using relevant decomposition techniques,
e.g., stochastic dual dynamic programming (SDDP).
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