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Generation and Transmission Expansion Planning
Towards a 100% Renewable Future

Shengfei Yin

Abstract—This paper proposes a novel modeling framework and
decomposition-based solution strategy combining stochastic pro-
gramming (SP) and robust optimization (RO) to deal with multiplex
uncertainties in coordinated mid- and long-term power system
planning. The problem is formulated as a multi-year generation
and transmission planning problem from an independent system
operator (ISO)’s perspective to minimize both expansion and op-
erational costs under binary and continuous uncertainties, i.e.,
system component contingency and load/generation variation. N-k
contingencies are captured in RO using the reformulated contin-
gency criteria, while the load/generation uncertainty is considered
in SP embedded with RO using operating scenarios generated
from the historical data with spatiotemporal correlations. The
original hybrid model is highly intractable, but the intractability
can be relieved by the proposed decomposition strategy based on
the column-and-constraint generation and L-shaped algorithms.
We apply our model to perform long-term system planning under
extremely high renewable penetration and investigate the case of
100% renewables in long-term planning. Numerical experiments
on multi-scale test systems verify the efficacy of the proposed
approach.

Index Terms—Coordinated planning, discrete and continuous
uncertainties, stochastic programming, robust optimization,
decomposition, 100 % renewable penetration.

NOMENCLATURE

SETS:

G /R/L Conventional generator / renewable generator /
transmission line

S/V Sending/receiving bus of transmission lines

C Bus mapping of conventional generators, renew-
able generators, and demand

X%/ XE  Candidate conventional / renewable generator

Xk Candidate transmission line

T Planning horizon (years)

H Operation horizon (hours)

M Planning / operation time index mapping

N Control mapping between units and investable

years
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INDICES:
g/ /¢ Conventional generator / renewable generator / trans-
mission line

d Demand

n Bus

w Scenario

k Iteration counter for C&CG algorithm

0 Iteration counter for L-shaped algorithm

t/h Planning / operating time index. (t,h) € M

PARAMETERS:

ICE, /JICT, Investment cost for gth conventional / th renew-
able generator in tth year [$]

1 C’ZL,75 Investment cost for /th transmission line in ¢th
year [$]

0Cy 1 Operating cost for gth generator in hth hour
[$/MWh]

PCyp Load-shedding cost for unserved load in dth de-
mand in Ath hour [$/MWh]

B¢/ B" Investment budget for generators / transmission
lines [$]

K, Contingency criterion for system units in ¢th year

Ay Line reactance of /th transmission line under
base MVA [p.u.]

FL, Flow capacity of /th transmission line [MW]

ﬁf Capacity limit of gth conventional generator
(MW]

A,/ A, Angle limit of phase angle at nth bus [rad]

UNCERTAIN PARAMETERS:

ﬁfh (w) Available active power of rth renewable generator
in hth hour [MW].

P;p(w)  Active demand of dth load in hth hour [MW].

VARIABLES:

xg':t / :z:ft Binary expansion decision for gth conventional /
rth renewable generator in t¢th year. x = 1 means
built; x = 0 otherwise.

:c{,it Binary expansion decision for ¢th transmission line.
x = 1 means built; x = 0 otherwise.

ygt / yft Binary availability indicator for gth conventional /

rth renewable generator in tth year. y = 1 means
available; y = 0 otherwise.
vk, Binary availability indicator for /th transmission
/ line. ¥y = 1 means available; y = 0 otherwise.

0885-8950 © 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

42
43
44
45
46
47
48
49
50

51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68

69
70
71
72

73
74
75
76
77
78
79
80
81
82
83


https://orcid.org/0000-0001-6108-3813
https://orcid.org/0000-0001-7162-509X
mailto:gyin@smu.edu
mailto:jianhui@smu.edu
http://ieeexplore.ieee.org

84
85
86
87
88
89
90
91
92
93
94
95
96
97

98

99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138

Binary outage indicator for gth / rth generator. a =
1 means outage; a = 0 otherwise.

aﬁt Binary outage indicator for (th transmission line.
a = 1 means outage; a = 0 otherwise.

pg n(w)  Scheduled active power of gth conventional gener-
ator in Ath hour under scenario w [MW].

pfh (w)  Scheduled active power of rth renewable generator
in Ath hour under scenario w [MW].

ran(w)  Scheduled load shedding in dth demand in hth hour
under scenario w [MW].

fon(w)  Active power flow through ¢th transmission line in
hth hour under scenario w [MW].

dn.n(w)  Phase angle at nth bus in hth hour under scenario

w [rad].

I. INTRODUCTION

HE investigation on the operational patterns and eco-
T nomics of a power system with high renewable penetration
attracts tremendous attention from both academia and indus-
try. Despite the clean energy and zero operational cost that
renewables have, the stochastic generation pattern of renewables
challenges the reliability of power systems, especially when the
grid requires a high level of reserves for contingencies. Thus,
albeit the investment of renewables is greatly encouraged by
the U.S. government and broader community [1], the system
planning under high-level penetration of renewables needs to be
further investigated.

Heretofore, researchers have done extensive work on the
uncertainty-based system planning [2]-[5]. On the one hand,
generators and lines are the biggest reliability concern from
an ISO’s perspective, which has been omnipresent in many
operation problems, e.g., unit commitment problem [6] and
transmission planning problem [2]. This type of uncertainty can
be effectively tackled by robust optimization (RO), as described
in [2] and [7]. The basic idea of RO is to find the worst-case
scenario and then make preventative decisions, which in turn
also makes the solution highly conservative. On the other hand,
the uncertain nature of renewable energy and elastic demand is
another challenge for the system planner. A significant amount
of literature (e.g., [8] and [9]) also adopts RO to deal with this
type of uncertainty by setting conservative boundaries. However,
comparatively, stochastic programming (SP) yields less conser-
vative solutions than RO, and we can leverage the historical
data to generate scenarios. Particularly, for a large system with
high renewable penetration, the spatiotemporal correlations of
renewables and demand can be accurately captured by scenario
generation, e.g., Monte-Carlo simulation together with a multi-
stage scenario tree [10].

Since the uncertainties are multiplex in today’s transmission
networks, e.g., the binary status of generator/line and continuous
generation/load volatility, the combination of SP and RO is a
promising formulation with higher reliability. Recently, many
works (e.g., [3], [5] and[11]) also consider the hybrid SP and RO
formulation with only the continuous formulation, which pro-
vides a limited evaluation on uncertainties. There are few works
considering the contingencies of power system components and

IEEE TRANSACTIONS ON POWER SYSTEMS

stochastic generation together in a generation and transmission
expansion problem (G&TEP), especially under high renewable
penetration levels.

The co-optimization of G&TEP under multiplex uncertainties
is anontrivial problem due to its non-convexity and uncertainties
involved. A. Moreira et al. [4] integrated binary contingencies
with continuous uncertainties but did not explore the improve-
ment of algorithms to facilitate the solution. L. Gallego ef al. [12]
used heuristic algorithms to avoid solving an intricate model but
obtained local optima. It is not trivial, however, to evaluate how
far this obtained optimum is away from the global optimum. We
argue that for a large-scale economic assessment like the power
system planning, which may involve multiple planning years
and hence does not need to be solved in real time, it would be
better if we can have a guaranteed global optimum. This can be
viewed as an advantage of our proposed method compared with
those intelligent methods. Besides, most of the existing studies
solve single-year planning problems [11], [13], [14], which do
not capture certain aspects of power system planning such as
the timing of the commissioning or retirement of a generator.
In our study, however, the objective is to investigate whether an
ultra-high renewable installation in the system is beneficial or
not. Since the renewable units are widely considered as units
without variable operation costs [15], the economic payback of
renewable investment may outperform the conventional units
over the long term. Hence, to ensure a fair comparison between
different generation technologies, we also take the annuitized
investment cost into the consideration and intend to uncover the
cost-effectiveness of renewable investment, especially under an
ultra-high renewable penetration case.

In order to investigate a 100% renewable system, the cor-
relations between renewables, such as wind power in different
regions, wind and solar, wind and demand, efc., are also critical
in system operation and planning. At any instant, the system
should have enough generation from renewables to cover the
demand. However, the system planner has to take a system-wide
approach considering mutual support between regions and avoid
generation shortage at a particular location. Besides, adequate
transmission capacity, even in a degraded N-k line outage
scenario, is paramount for inter-regional energy exchange to
maintain the system energy balance. The final optimal G&TEP
investment ought to consider an optimal generation mix and
long-term renewable generation futures. Some researchers (e.g.,
[14]) argue that 100% is less profitable than a generation mix
with conventional units, but this is actually sensitive to the
system settings.

In this paper, we propose an effective modeling and solution
approach for G&TEP towards 100% penetration of renewables.
The column-and-constraint generation (C&CG) method devel-
oped by [16] can decompose our problem to a master problem
and a subproblem. This method has been adopted in numerous
studies like [3], [6], [11], and become a mainstream solution
methodology for multi-stage RO problems. Besides, as reported
in [11] and [4], solving subproblems consumes the majority
of the computational time. We propose to apply the L-shaped
method [17] to further facilitate the solution of subproblems,
which also enables parallel computing. In the meantime, we

139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195



196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226

227
228

229
230
231
232

YIN AND WANG: GENERATION AND TRANSMISSION EXPANSION PLANNING TOWARDS A 100% RENEWABLE FUTURE 3

C&CG

Master Problem
Algorithm r

Binary Programming
. Investment Decisions
Multiplex

Uncertainty-based

Coordinated Planning Sub-Master Problem

Binary Programming

L-shaped

Mized-integer Stochastic Method

Nonlinear Programming

L Subproblem Worst-case Contingency
Mizxed-integer Stochastic

Nonlinear Programming

Sub-Subproblem

Relazed Stochastic
Linear Programming

Operation Costs

Fig. 1. Framework of the proposed methodology.

specifically consider the short-term and long-term spatiotempo-
ral correlations between renewables and load by leveraging the
Monte-Carlo sampling on regional renewables. Fig. 1, provides
a general framework of our proposed methodology.

Compared with the state-of-the-art research, The main con-
tributions of this paper are three-fold.

1) We analyze the coordinated system planning under an
ultra-high level of renewable penetration and investigate
the potential issues of a 100% renewable penetration on
an IEEE test system and the WECC system with specific
parameter settings.

2) To tackle multiplex uncertainties in the G&TEP, we
propose a three-stage multi-year robust co-optimization
model with a stochastic recourse. The robust counterpart
captures the N-k contingency, whereas sampling-based
scenarios considering spatiotemporal correlations be-
tween renewables and load realize the demand/renewable
uncertainty.

3) The C&CG algorithm is leveraged to decompose the
overall problem into a master-slave structure, and the
stochastic subproblem is further reformulated based on the
duality theory and decomposed by the L-shaped method.
The computational efficiency is greatly improved, and
multi-scale test cases verify the efficacy of the proposed
methodology.

The rest of the paper is organized as follows: Section III
describes the mathematical formulation of the G&TEP model;
Section IV presents the proposed solution strategy and the de-
tailed flowchart; case studies and a scalability test are analyzed in
Section V and Section VI, respectively; Section VII summarizes
this paper with several remarks.

II. MATHEMATICAL FORMULATION OF THE GENERATION AND
TRANSMISSION PLANNING

We provide the detailed mathematical formulation of the
multiplex uncertainty-based G&TEP in this section. First, we
show the deterministic equivalent form (DEF) of the three-stage
formulation of the hybrid SP and RO model in (1). The term

“stage” we used here refers to the mathematical structure of the
proposed optimization framework.

XL
IIllIl Z ZI e t+ZI ot Ty ,—|—ZIC’“x“

zJ t,a:g +
wz t
H ¢ G
+ max E, min Z [ZOC’ 7hpih(w)
Ay, tv% t pgc,hﬁrdvh h g
D
+ZPCd,th,h(w):| (1)
d
subject to
T X< xR
Z Zlcgtxgt—i—ZICftxft < B¢, (la)
t g g
T [ xt
> ICEE, ¢ < BY (1b)
t ¢
Vx € {g,r, 0}, V(x,t) € N(x,t):
Iy
>z =0, (Ic)
£t
T
S yer =T —t+1) 2., (1d)
t'>t
> v =0, (le)
t<t
G R L
doafi+> al +Y af, <Ky, W (1f)
9 r ¢
Yw :
G R L
Z pf,h(w) + Z P (w) — Z fen(w)+
g/C(g)=n r|C(r)=n £[S(£)=n
L
> fonw) Z { Pyn(w) = ran(w) },Vn,Vh,
oV (0)=n d|C(d)=
(1g)
fen(w) = yiy (1 - ag,) Ay
[Ons(0)=n.n (W) = Onv()=n.n(W)],
Ve e LY(t,h) € M, (1h)

—yr (1= ag,)FLy < fon(w),v0 € X*V(t,h) € M, (1i)
fen(w) <yi(1—ap )FLe, V0 € X* ¥(t,h) € M,  (1j)
—(1—ag)FL; < fon(w),V0 € L\X",V(t,h) € M, (1k)
fon(w) < (1 —ag,)FLy,VE € L\X"V(t,h) € M, (11)
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—0G
pSn(w) <yS(1—aS,)PL, Vg € X9 V(t,h) € M, (Im)
pCh(w) < (1—al ) PL; g € G\XY ¥(t,h) € M, (In)

P (w) < yB (1 — o) PLy, (w),¥r € XFV(t,h) € M,
(lo)

P (w) < (1 —af)PL), (w),¥r € R\X®,Y(t,h) € M,
(Ip)

(19

The objective function (1) formulates the investment cost of
the proposed generator and transmission line expansions, plus
the operating cost of scheduled conventional generators and
possible load shedding.

Constraints (1a)-(1b) model the investment budget of both
generators and transmission lines, which construct the first-stage
feasible region. Constraints (1c)-(le) represent that once an
investment is made in year ¢, the component will be available for
the rest of the planning horizon. Control sets N (x, ¢) represent
the mapping between the candidate units and planning time,
in which we categorize the candidate units based on the in-
vestable years. These constraints formulate the constraint space
for the first stage. Constraint (1f) shows the N-£ criteria for both
generators and transmission lines, where K; can be adjusted
to perform different contingency analyses. This constraint is
in the second-stage (the second-stage objective function can
be regarded as {0"a}, in which a is the vector of the outage
indicators) formulating the uncertainty set [18]. This uncertainty
set is discretely polyhedral.

For the third-stage, we first explain the relationship between ¢
and h. Since we consider a long-term planning problem, travers-
ing 8760 hours for a whole year renders heavy intractability in
this model. Hence, we consider a 24-hour operation for the third
stage as an analysis of hourly dispatch in one typical day. This
operation is also adopted in [14]. Then the time index mapping
set M can be described as

M = {(tl, hl), ceny (tl, h24), (tg, h25), ...(tg, h48), } .

We also note that this design further generalizes the appli-
cation of selecting representative hours/days. When a system
planner intends to select more representative hours to perform
the G&TEP study, itis trivial to adjust the set M by increasing the
number of hours. This also shows that our proposed framework
is highly flexible and general to be expanded to the extent the
system planner would like to use in G&TEP problems.

Notably, the outage indicator in our formulation is a day-
based variable. As we indicated, the third-stage problem can
be regarded as a 24-hour economic dispatch problem. For
such operation problems, the contingency is often considered
throughout the operation horizon, i.e., 24 hours [19]. Practically,
94% of the planned and operational outage have a duration of
over 2 hours and 34.6% of them are over 48 hours [20]. In
some works of system planning, the horizon-long contingency
is also adopted [5]. For the sake of simplicity, since we choose
one representative day for one year with multiple uncertain
scenarios, we slightly abuse our notation and use a year-based

én < 5n,h(w) < Zn»vnvv}la
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index torepresent a day-based variable, e.g., agt. Besides, for the
third-stage operation problem, we choose using one represen-
tative day with multiple scenarios to investigate the short-term
correlation between regional renewables and load, which can be
better captured by hourly operations, as also adopted in [14].

Particularly, constraint (1g) is the nodal balance constraint,
and constraint (1h) defines the DC line flow equations. Note
that here, we slightly abuse the notation that the per unit reac-
tance A, should be normalized under the system base MVA.
Constraints (1i)-(11) are line flow limitation constraints for
both candidate and existing lines. Constraints (1m)-(1p) are the
generation capacity constraints for both candidate and existing
conventional and renewable generators. Note that the renewable
generators can be dispatched, and thus we permit the renewable
curtailment. Constraint (1q) shows the phase angle limitation.
We can find that all of the third-stage variables are associated
with the scenario index w for different realizations of renewable
generation and load. Note that the binary variables and the
variable multiplications such as in (1h), (1i), (1j), (1m) and (10)
render this model mixed-integer nonlinear.

The proposed model (1) is a very general framework for the
hybrid stochastic and robust optimization-based system plan-
ning and can be easily adjusted or expanded to include more
constraints regarding various research directions or industrial
applications. In our case studies, for example, we do not have
any existing generator and we can hence disregard constraints
(In) and (1p) in the formulation. We also modify (1) to incorpo-
rate unique case settings such as the regional N-1 contingency
and multiple investments in one candidate bus, which can be
achieved by replacing constraint (1f) with (1r) and adding con-
straint (1s) respectively as shown below.

G* R* L*
doaf,+> al,+> af, <K, VtVzeZ,  (In)
g r 4

G R
Z xf,t + Z $5t <2, Vit Vn, (1s)
g|C(g)=ne9 r|C(r)=n°"

where z denotes the region indicator, Z is the total region set,
n“9 denotes the candidate bus for thermal generators, and n"
denotes the candidate bus for renewable generators.

III. PROBLEM DECOMPOSITION AND SOLUTION STRATEGY

The model described in Section III presents an intractable
three-stage mixed-integer nonlinear problem with stochastic
recourse. However, we can decompose the original problem into
a structure of mixed-integer linear programming (MILP) master
problem and mixed-integer bilinear subproblem, which can be
solved iteratively based on the theory of the C&CG algorithm
[16]. Linear relaxation techniques can tackle the nonlinearity
of the subproblem. Besides, the subproblem can be further
decomposed by the L-shaped method [17].

Fig. 2, depicts the overall solution workflow. Generally, we
adopt the C&CG algorithm to decompose the problem into a
master-slave structure, and the L-shaped algorithm then further
decomposes the subproblem by different scenarios. We will
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k+0

Tnitialization] (% ) o

C&CG

\4

Solve MP (k)
L]

|
|
|
|
|
|
|
obtain x*(k) and lower !
|
|
|
|
|
|
|

bound LB(k) = MP(k)

Solve Sub — S(k, 0,w)
L]

Obtain dual solutions &(k, 0,w)
Calculate a(k,0) = Y Prob(w)&(k, 0,w) Tr(w)

B(k,0) = — 3 Prob(w)C(w) T&(k, 0,w)

\ 4

Add one constraint
v a(k,0) + B(k,0)Ta <y
Solve Sub — M(k, 0)

Denote the optimal
objective value as u(k, 0)

Update and deliver
a*(k,o)

NO

o) Check if
u(k,0)—u(k,0—1)
u(k,0) | <e?

Calculate the upper bound
UB'(k) = u(k) + f(x* (k).
UB(k) = min{UB'(k),UB(k — 1)}

Add one more series
of constraints (2c)-(2d)

NO

Fig. 2.  Workflow of the proposed algorithm.

explain the procedure and notations of Fig. 2, in the problem
formulation. To be more concise, we use compact form below.

A. Master Problem

We formulate the master problem in the C&CG procedure
as in (2). x denotes the first-stage variables, z denotes the third-
stage variables with iteration index k', which encloses all the past
iterations before the current iteration k. IC and P C represent the
vectors of investment costs and penalty costs, whereas p© and r
denote the vectors of generator dispatch and load shedding. ¢ is
an auxiliary variable that formulates a relaxed lower bound of the
second-stage problem. The constraints for third-stage variables
are (2d). Note that the second-stage variables a are fixed here,
which are delivered from the subproblem. Hence, the master
problem now becomes a deterministic MILP problem that can
be efficiently tackled via off-the-shelf solvers. Here, x includes
the first-stage variables, i.e., 5, xf,, 2, y5, yl, yf, and z
includes the third-stage variables, i.e., pg s pffh, Td,hs fe,ns Onh-

MP = minf(x)+¢ (2)

subject to
Constraints (1a)-(1e) (2a)
f(x) =1C'x, (2b)
¢ > E,{OC'p® +PC'r}, VK <k, ((20))
Constraints (1g)-(1q), VK <k (2d)

B. Subproblem

The subproblem of the C&CG procedure is constructed from
the second- and third-stage problems, i.e., the problem deter-
mining the worst-case scenario of contingency. Here, a includes

: ; Gy, R b
the second-stage variables, i.e., ag'y, a,’;, ag;.

max E, {min 0oC'p® + PCTI‘} 3)
a p.r
subject to

Constraints (1f)-(1q). (3a)

Note that the first-stage variables in the constraints become
fixed parameters obtained from the master problem in the pre-
vious iteration. Since the inner minimization problem of (3)
has linear programming characteristics, according to the strong
duality theory, it is equivalent to rewrite (3) to its dual form (4),
after giving an objective handle for the second-stage.

Sub = max 0'a +E, { max Q(a, ) } 4
subject to

Qa,m) € Tar,

where (Q(a, ) represents the dualized objective function, 7
is the vector of all dual variables in (3) and I'y » consists of
the constraint space. For better demonstration, problem (4) is
further altered to a minimization problem (5) where we rewrite
I'a,» in the form of (5a)-(5c). Specifically, (5a) constructs the
uncertainty set, (5b) formulates the operational constraints, and
(5¢) ensures the dual feasibility of the KKT condition.

(4a)

Sub =min —0"a + E, { min —Q(a, ) } (5)

subject to
Constraint (1f), (5a)
D(w)m < r(w) — Cw)a, (5b)
T > 0. (5¢)

Note that in the objective function, Q(a, 7) includes the first-
stage decisions x* determined from the master problem. This
subproblem shows a typical two-stage stochastic mixed-integer
bilinear minimization structure. Furthermore, linear relaxation
techniques, e.g., the Big M method (see Appendix A), can
effectively relax the bilinear parts without sacrificing accuracy.
As the binary nature of the integer variables tightens the convex
relaxation, we can ensure the accuracy of the obtained solution.
According to the stochastic L-shaped method [17], the two-stage
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mixed-integer stochastic program with linear recourse and finite
support is also decomposable, as shown in the following.
1) L-shaped Master Problem:

Sub—M =min —0'a + n (6)
a
subject to

Constraint (1f), (6a)

ay +Bya<n, Vo <o (6b)
In the L-shaped master problem, 7 is an auxiliary variable, oy

and 3, are subgradients computed from the dual of the L-shaped

subproblem, which will be discussed in the next subsection. Note

that this formulation is for the single-cut L-shaped algorithm.
2) L-shaped Subproblem:

Sub — S(w) = n;i_n —Q(a",m) (7

subject to
D(w)w < r(w) — C(w)a” ¢(w), (7a)
x>0 (7b)

When the L-shaped master problem yields an optimal solution
of a*, the subproblem receives this solution and solves the oper-
ation problem. Let £ (w) denote the optimal dual solution of the
operation constraints (7a). After solving w individual L-shaped
subproblems, which can be done in parallel, the subgradients for
each iteration can be computed as follows.

a0 = 3 Prob(w)g; (@) Tr(@).
B, = — 3 Prob(w)C(w) €5(w).

Afterwards, the L-shaped master problem receives an opti-
mality cut (6b). Finally, the inner iteration loop for the L-shaped
procedure determines the final worst-case contingency a* and
sends it back to the C&CG master problem. As we enable load
shedding, the feasibility of all problems is guaranteed, and the
feasibility cut is therefore negligible.

The proposed algorithm guarantees its convergence by the
finite extreme points of the uncertainty set and finite support
in the second-stage stochastic recourse according to the con-
vergence analysis [16] and [17]. For the convergence speed,
according to Fig. 2, the C&CG procedure does not influence the
convergence of the embedded L-shaped method, which means
we still retain the fast convergence of the C&CG method [16].
The convergence of the C&CG part relies on the convergence
of the L-shaped algorithm, which is guaranteed by the finite
support in the stochastic recourse. The motivation of leveraging
the L-shaped method for the subproblem is that solving the
original subproblem consumes the majority of the computational
time, as reported in [4] and [11]. We enjoy the merit of parallel
computing to facilitate solving subproblems when the L-shaped
method is applied.
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Fig. 3.  System topology of the modified IEEE 30-bus system.

TABLE I
DATA FOR CANDIDATE GENERATION UNITS

Operating Maximum  Overnight

Generation . .
Type cost capacity  capital cost
[$/MWh] [MW] [MS$]
Wind 0 300 390
Solar 0 150 170
Thermal 41.2 300 67.8
Trans. Line 0 600 50

IV. CASE STUDIES

This section provides results and discussions for case studies
on a modified IEEE 30-bus system based on [21]. We aim
to investigate the benefit of ultra-high renewable penetration
towards 100% in a long-term planning problem. We implement
all of the experiments in GAMS 25.0.3 [22] with CPLEX 12.8
and run it on a 2.60GHz Windows PC with a 6-core Intel i7 CPU
and 8GB RAM. We also leverage a GAMS-embedded parallel
computing tool, i.e., Gather-Update-Solve-Scatter (GUSS) [23],
for the L-shaped subproblem to improve the computational
efficiency.

To illustrate our proposed methodology, we modify the IEEE
30-bus system to have reduced transmission lines and no existing
generators. Fig. 3, provides the detailed topology, where the blue
and orange buses indicate the candidate locations for building
wind and solar generators, respectively. Thermal generators
can be invested in any load bus. The dashed lines indicate
the candidate transmission lines. Table I shows the investment
information, whose reference can be found in [24]-[26]. The
modified IEEE 30-bus system has a total daily peak power
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Fig. 4. Regional scenario (10 for each).

demand as 2,000 MW, distributed to the three regions. And we
set the load shedding penalty cost as $1,000/MWh.

A. Scenario Generation & Reduction

There are three regions in the system, where different scenario
sets of renewable and demand are applied. To verify the invest-
ment performance considering the spatiotemporal correlation
between renewables and load, we create the scenario set for
each region individually by using Monte-Carlo simulation on
three different datasets of renewable output from [27]. Fig. 4,
depicts the regional 24-hour sequential wind, solar, and demand
scenarios. The average capacity factors of wind and solar are
45.14% and 28.86%, respectively. We also assume that the two
neighbored wind buses in Fig. 3, share the same wind output
time series, and one can easily simulate scenarios with respect
to different time series for more detailed spatiotemporal studies.

For the spatiotemporal correlations between renewables and
load, after sampling on three different datasets with respect to
three different regions, we apply the Fast Backward/Forward
method embedded in the GAMS SCENRED toolbox to reduce
the scenario number according to the balance between the
number of scenarios and the solution accuracy. This strategy is
generally an approximation of the complete scenario tree bench-
marked by different criteria such as the Fortet-Mourier metric
[28] and L,-distance [29], which have been widely adopted
in many stochastic system planning works e.g. [30] and [31].
To capture the spatiotemporal correlations between renewables
and demand, we use three temporal datasets for real renewable
outputs and demand in three forecast zones in the ERCOT area as
a basis for our Monte-Carlo sampling to create the scenario sets.
With both the demand and renewable uncertainties being taken
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Fig. 5. Comparison for different sizes of scenarios.

into consideration, the proposed G&TEP framework can yield
planning results according to the correlations between multiplex
uncertainties. Itis also imperative to indicate that a more accurate
and efficient scenario generation/reduction technique concern-
ing the spatiotemporal correlation between uncertainties is of
great future research interest, to which our proposed framework
in this paper can easily adapt.

To balance the tradeoff between the accuracy and tractability,
we test different scenario sets by running a one-year plan-
ning problem where two respective investments on solar and
wind generators are mandatory, as shown in Fig. 5, and the
highest computational time stands for the highest time of
solving subproblems among all iterations. Since the difference
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in objective function values between 100 scenarios and 1000
scenarios is within 2%, we argue that the set of 100 scenarios
is accurate enough to perform the following analyses. Besides,
Fig. 5, also validates the necessity of using decomposition
techniques for solving stochastic subproblems, as the compu-
tational burden grows exponentially with the increasing number
of scenarios in the DEF problem as in [3] and [11], but grows
linearly in the L-shaped problem in our work.

B. Case Studies: Towards 100% Renewable Penetration

We design three cases to show the pathways to achieve 100%
renewable penetration. We apply the N-1 criterion to each region.
Each candidate bus can build two generators in each year. The
algorithmic convergence gap - is set to be 0.1%, and the solver’s
MIP gap is set as 0.01%.

e Case 1: $900M generation investment budget (6yrs);

® Case 2: $9,000M generation investment budget (6yrs);

e Case 3: $9,000M generation investment budget. Thermal
units can only be installed in the first year. All the thermal
units will phase out by 20% capacity per year (6yrs) with
a salvage income.

To be more practical, for thermal units, we consider a 5%
annual inflation rate of the fuel price. For renewable energy,
the investment cost has a discount factor of 5% per year as the
technology develops. The salvage price of phased out thermal
generators is 40% of the investment cost. The total system
demand also increases by 5% per year. Table II shows the
investment decisions, costs and system information obtained
from the three cases.

For the salvage income, we directly add a salvage income
term in the objective function of (1). The salvage of generators
includes the sales of the salvageable parts of the unit, recycling
worn-out equipment, and reutilizing the designated real estate
[31]. According to [32], the salvage value for generators is
calculated based on a linear relationship with the proportion
of the used life and the remaining life, resulting the following
equation:

Rremain

S = Creplace .

Rcompone’n,t

in which Cl.cpiqce is the replacement cost that is about 80% of
the initial investment cost, R emain 1S the remaining life and
Reomponent 18 the component lifetime. We also refer to [33]
for the lifetime of a pulverized coal power plant as 30 years.
Thus, in year 6, the remaining lifetime of such unit is 24 years,
and thus the salvage income should be 80% - (24/30) = 64%
of the investment cost. Considering the demolition cost and the
personnel cost, we set the salvage value for a thermal unit in
our study as 40% of the investment cost. We will revisit Case I
and Case 2 in subsection E by considering the investment cost
annuitization to further assess the economic aspects of renewable
installations.

1) General Investment Plan and Operation: For the generation
investment, on the one hand, since we consider the N-1 criterion
in each region, the system planner invests in a large amount of
generation capacity, especially when the renewable is installed
(e.g., the total capacity in Case 3 is 152.9% higher than the peak

IEEE TRANSACTIONS ON POWER SYSTEMS

TABLE II
INVESTMENT PORTFOLIO REPORT FOR THE 30-BUS SYSTEM

Gen. Investment* Case 1 Case 2 Case 3
2,4,6,8,10, 2,4,5,510,9, 4,559,9,11,11,
Year 1 12, 14, 15, 18, 14,15, 18, 21, 16,21,21,22,22,
24,29, 30 22,24,27,29 25,25,27,27, 30
Year 2 None 21 9, 13,21, 22, 25,25
Year 3 None None None
Year 4 None None None
Year 5 None None None
Year 6 None None None
Line Investment Case 1 Case 2 Case 3
4-11,7-8,6-22, 4-11,7-8,6-22, 4-11,7-8, 6-22,9-
Year 1 9-10, 15-26,22-  9-10, 15-18, 10, 15-18, 15-24,
24, 15-26, 22-24 15-26, 22-24
Year 2-6 None None None
Gen. Invest. Cost $813.6M $2,812.9M $7,237.4M
Gen. Opera. Cost $5,976.81M $3,542.70M $168.93M
Line Invest. Cost $300M $350M $400M
Load Shed Cost 0 0 $1,079.43M
Salvage Income 0 0 $81.36M
Total Cost $7,090.41M $6,705.60M $8,754.40M
Ave. Load Shed 0% 0% 0.96%
Portion
AV&E;T;"QER 0% 7.75% 12.11%
Final Renewable 0% 42.86% 100%

Percentage

* The numbers indicate the buses built with thermal, wind and solar.

load). While the system planner has already known the demand
increase rate for the later years, most of the new generation
capacity is invested in the first year to meet the peak demand
growth in the following years. However, since the renewable
installation is limited compared with the thermal installation,
and considering the yearly increasing system demand and the
unit contingencies every year, there are still investments after the
first year especially in Case 2 and Case 3 to ensure the system
reliability. Another noteworthy issue is renewable curtailment.
The peak curtailment in Case 3 is 18.29% when the average
curtailment across the scenarios also reaches 12.11%. They are
comparatively small since the excess renewable power can be
used to support other regions. Future works considering using
the curtailed energy to provide ancillary services and storage
charging can be envisioned.

On the other hand, for the transmission investment, new
transmission lines tend to be built in the first year to prepare for
the worst-case contingency in the subsequent years. The new
transmission build-out is mostly to accommodate the injections
from the new generators. Notably, lines 6-8, 12-15, and 6-28
are reported to be the ones with the most frequent outage under
the worst-case contingency. Thus, in the investment portfolio,
lines 7-8, 6-22, and 22-24 are always built in the three cases to
aid power transmission. The system finally achieves the 100%
renewable penetration level in the 6" year in Case 3. The 100%
is based on the generation capacity percentage.
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By comparing Case I and Case 2 in Table II, we can find that
if we have a sufficient investment budget at the beginning, it is
more profitable to invest in a proper generation mix of thermal,
wind and solar technologies from the system perspective. Since
we consider a long-term investment plan, the operation cost for 6
years in Case [ far outnumbers the investment cost, whereas the
renewable generators only have a one-time cost for installation.

By comparing Case 2 and Case 3 in Table II, we find that
the operation cost is further greatly decreased in Case 3, but the
investment cost and the load shedding cost increase significantly,
which results in a higher total cost. However, as the investment
cost of renewable technology decreases yearly, in the long-term
planning, the system will tend to have higher renewable pene-
tration approaching 100%, which will be detailed in subsection
D.

In the current setting, we do not consider the energy storage
and the time-shifting demand response since we would like to
investigate the cost-effectiveness of renewables only from their
own economic aspects. However, it is imperative to state that
considering 100% renewable energy without any energy storage
or demand response is not beneficial for all circumstances. It
can be envisioned that energy storage and demand response
can greatly reduce the need for over-installation of renewable
generation.

2) Interregional Support With Spatiotemporal Correlations:
The spatiotemporal correlations between renewables and re-
gional differences of the uncertainty also influence the invest-
ment portfolio of renewables. When we do not consider any
storage device or time-shifting demand response in our model,
there could be a large amount of load shedding in a particular
region when the renewable generation in that region is very
low. However, such a situation can be largely mitigated with
adequate transmission capacity with the other regions since the
variation of renewable generation output from each region tends
to cancel out over a large geographical area to provide a more
stable output. Hence, by using the proposed scenario generation
and the optimization framework, the new generators are built in
the way that they can provide interregional energy support when
needed, based on their spatiotemporal correlations.

On the one hand, from the long-term investment perspective,
in Fig. 4,, the diurnal wind output in Region 1 is small, which
incentivizes the investment of the solar unit at bus 5 and reduces
the investment of wind units in the region. Besides, in Case 3,
the lines connecting Region 2 and Region 3, i.e., line 15-18 and
line 22-24, are all constructed to help Region 3 cover its demand
as the wind output in Region 3 in a long run is relatively lower
compared with the other regions.

On the other hand, from the short-term operation perspective,
in the 6 year of Case 3, we particularly analyze one operation
scenario. Fig. 6, depicts the active power flow in the tie-lines
with Region 1, i.e., lines 9-10, and 6-22. It can be seen that the
power support from the other regions reaches the peak value at
hour 10 due to the lack of local wind power in Region 1, but
Region 1 can export active power to the other regions at night
when the wind output increases. This phenomenon validates
the interregional support when the spatiotemporal correlations
between renewables and load are present.
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Fig. 6. Power transfer from/to Region 1: one scenario.
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Fig. 7. Comparison in the contingency criterion.

C. Case Studies: Contingency Criterion

Next, we elaborate on the contingency criterion and the impact
of the worst-case contingency by comparing the following Case
4 with the previous Case 3.

® Case 4. We apply no contingency criterion in all regions,

i.e., the robust counterpart in the model is omitted. The
other settings are the same as Case 3.

Fig. 7, demonstrates the generator’s installation details of
these two cases. It can be seen from the results that when the
N-1 contingency criterion is applied for each region in Case 3,
the system needs to have more renewable generators installed to
secure the demand. Particularly for the worst-case contingency,
the system is prone to increase the investment in generators to
provide more contingency reserves, which is also one of the
reasons of the huge installations in Case 3.

D. Case Studies: Long-Term Cost-Effectiveness

To further elaborate the cost-effectiveness of long-term in-
vestment in renewables, especially for the 100% renewable
penetration, we carry out two case studies of a 12-year expansion
in the following:

e Case 5: $12,000M generation investment budget (12yrs);
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Long-term Cost-effectiveness x10* TABLE III
18 T T T T T T 1.8 INVESTMENT PORTFOLIO WITH THE INVESTMENT ANNUITIZATION
16 +
116 Investment* Revisited Case 1 Revisited Case 2
14+ Year 1 1000 6 5616
= 1S Year 2 0000 0301
.E 12 - &>
/M = Year 3 1000 0010
e 1128
F 10 © Year 4 1000 1000
= g
s ol % Year 5 0000 0100
g 11 &
g = Year 6 0000 0000
z 9 —+— Case 5 Cost & 6-yr Invest. Payment $762.67TM $4,153.67M
—4— Case 6 Cost 0.8 Y . y . Y .
4l [ Case 5 Solar Line Invest. Cost $300M $350M
[ Case 6 Solar
[ Case 5 Wind |6 Gen. Opera. Cost $5,978.10M $2,163.77M
2+ I Case 6 Wind
[ Case 5 Thermal Total Cost $7,04078M $6,66744M
) ) ) ) ) | Cose 6 Thermal
0 1 9 3 4 5 6 7 3 9 10 11 12 0.4 * The integrals denote the numbers of invested thermal, wind, solar generators, and line.
Planning Year
Fig. 8. Investment plans and system cost of the long-term planning. same settings of Case I and Case 2. We keep the same investment

e Case 6: $12,000M generation investment budget. Thermal
units can only be installed in the first year. All the thermal
units phase 10% capacity out per year (12yrs).

It is straightforward that the 100% renewable penetration
is accomplished in the 11" year in Case 6. We enable the
transmission expansion between any two connected buses for
the annually increasing demand, and the other system settings
are the same as in the previous case studies. Fig. 8, depicts
the investment plans and system costs. Accordingly, the salvage
value of conventional generators is set as 25% of the investment
cost in this case.

In Case 5, the installation of one thermal unit is mainly to
balance the load shedding caused by stochastic generation, even
when the interregional support from renewables has already
largely mitigated this issue. And in Case 6 when the condition
changes that the thermal units are no longer able to fully provide
energy, the system planner is still prone to invest one thermal
unit due to the high load shedding cost. Though the 100%
renewable case, i.e., Case 6, still has a slightly higher cost than
Case 5, we argue that the final cost difference highly depends on
how we choose the system parameters. Nonetheless, from these
two cases, we can see the potential of renewable generation’s
long-term cost-effectiveness. In Case 5 when the phasing-out
is not allowed, the system in the 12™ year still reaches 96.43%
renewable penetration, which implies the long-term economic
payoff is higher than conventional units. It should also be noted
that different settings of renewable-based G&TEP studies could
lead to different findings (e.g., [14]) but the proposed general
framework still applies.

E. Case Studies: Investment Annuitization

In many investment studies, investors often consider annuiti-
zation of the investment cost to distribute the investment over the
planning horizon. Hence, in this section, we illustrate the effect
of considering the annuitization of the investment cost with the

budget as in Case I and Case 2, and consider a general annual
interest rate ¢ of the investment as 6.04% computed from the
weighted average cost of capital (WACC) of 5.7% [34]. We adopt
the investment annuitizing method from Appendix A in [34] as
we first calculate the annual discount factor (D F}) by

1
DFy, = —
T+t
then the annualized capital cost (ACC,) and the discounted
investment cost (/C) ;) used in the objective function can be

computed as

- i (1+4)FT
ICy, = ACC, - > DEFy,

t'<min{LT,,Tremain}

where OCCj; denotes the overnight capital cost, LT, denotes
the generator lifetime, and 7™™*" denotes the remaining time
of the planning horizon. The annual increase in thermal units’
fuel cost and demand still applies.

Table III tabulates the results of the revisited Case I and
Case 2 with considering the annuitized investment cost. In both
cases, there is no load shedding. Thanks to the annuitization, the
investment of generators can now be distributed to later planning
years. Compared with the previous Case I and Case 2, we find
that both total costs do not differ much, and the results in Case 1
remain nearly the same except for some investments distributed
to later years. But in Case 2, the renewable installation is more
prioritized, as the investment annuitization makes the renew-
able investment more competitive with thermal investments.
However, we can still draw similar conclusions that a proper
generation mix of conventional and renewable technologies
renders a more cost-effective planning portfolio if the budget
allows for renewable installations. As the annuitization method
has already taken the generators’ lifetime into account [34], we
do not apply the technique of considering salvage incomes [31]
in the revisited cases. Leveraging the annuitization method can
make the investment in multi-year planning more comparable,
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Fig. 9. Installed capacity for the WECC system.

which should be included in a more realistic G&TEP study. Also,
it is noteworthy that the performance is highly sensitive to the
selected WACC determined by the tax rate and expected returns
on equity and debt.

V. SCALABILITY TEST

To validate the scalability of the proposed framework, we
modify the WECC 243-bus system based on [35] for G&TEP
studies and carry out the scalability test. Four generation tech-
nologies are included, i.e., coal, combined-cycle, wind, and
solar. We carry out a regionally N-1 contingency-constrained
5-year planning problem with the hourly operation. The number
of combinatorial scenarios, in this case, is further reduced to
10 to reduce the computational burden. And we enable the
phasing-out of conventional units as in Case 3.

Fig. 9, depicts the scheduled installed capacity for each gen-
eration technology and transmission line, where we can observe
that the investment in solar and wind generators grows sharply
in the first year and keeps increasing, due to the 25% annual
phasing-out rate of the conventional generators. The compu-
tational time of the WECC simulation is 27 hours, which is
comparably reasonable concerning the scale of the multi-year
stochastic and robust planning problem.

VI. DISCUSSIONS

To clarify the scope of our work and how it should be used as
a reference for both academia and industry, we provide several
discussions on this paper.

1) Though the day-based contingencies have already been
adopted in this paper and other works, e.g., [5], [19],
the contingencies of power system components can be
evaluated in a practically smaller time resolution.

2) Using only a few representative days has been found to
be not enough, and more representative days should be
included in more realistic studies of power systems with
large amounts of renewable [36].

3) In the case studies, multiple economic factors can affect
the optimized planning portfolio, e.g., the increasing fuel
cost, decreasing renewable investment cost, annual in-
terest rate, and the salvage income. Different economic
settings may lead to a different result, but the conclusion
of the renewable-involved G&TEP study should hold sim-
ilarly as discussed in the paper. Besides, when we consider
a longer term of planning, renewables will begin to show
the potential of higher cost-effectiveness in the G&TEP.

4) Other practical factors should be taken into account in
future research to make more precise investment decisions
for investors, including but not limited to the employment
of energy storage devices, more types of renewables,
demand response, and ancillary services.

This paper aims at providing a general framework and a so-
lution algorithm, which can be applied to different uncertainty-
based G&TEP studies. The case studies in this paper are car-
ried out under simplified simulation settings and demonstrate
different renewable investment scenarios under specific param-
eters. The observations of a more complete and comprehensive
long-term G&TEP study for realistic large-scale power systems
may vary from this paper as the findings are dependent upon
many sensitive parameters including cost, discount rate and
other detailed operational constraints.

VII. CONCLUSION

This paper introduces a novel modeling and solution strategy
for the generation and transmission expansion planning under
ultra-high renewable penetration, which allows analyses of dis-
crete and continuous uncertainties. Based on the theoretical
derivation and numerical experiments, several remarks are in
order:

e We propose a general hybrid stochastic and robust model
that can accurately capture the uncertainties in the modern
power grid, whose discrete and continuous features are
taken into consideration with high flexibility.

e We propose a combinatorial solution strategy leveraging
the state-of-the-art C&CG and L-shaped algorithms that
can efficiently tackle intractable and multiplex uncertainty-
based planning problems.

® We investigate the long-term renewable cost-effectiveness
in the test results. A proper portfolio of generation mix of
the conventional and renewable generation is shown to be
beneficial under our specific problem settings, and we also
pave a way for future discussions on the 100% renewable
penetration potentials by investigating the long-term cost-
effectiveness of the renewable generation.

APPENDIX A
LINEAR RELAXATION TECHNIQUE

The product ¢ of one binary variable z and one continuous
variable  can be relaxed as follows. The relaxation is tight due
to the convexity of the McCormick Envelope.

g<ax+M(1-=2)
g>xz—M(1-2)
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