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Abstract

Modern energy grid expansion planning, by necessity, includes timeseries data to accurately model storage
and renewable assets. Representative time periods are commonly used as a way to decrease problem size and
therefore mitigate the increased complexity from this inclusion. However, there are many choices around these
representative periods: length; location in planning horizon; boundary conditions. Each of these can influence
what is considered the optimal planning outcome, potentially causing disparity with the original problem’s
optimal solution. As an alternative to this approach, we present a novel methodology to contend with the
entire planning horizon including the embedded timeseries by augmenting Benders decomposition (BD). To
improve the speed of generating Benders cuts, the full subproblem can be partitioned into smaller independent
subproblems covering the entire horizon. However, this approach ignores the boundary conditions between
subproblems, hence they only produce a lower bound for the GSTEP problem. Here we define a multi-fidelity
BD approach that converges quickly by using small subproblems for approximate objective evaluation and
fast cut generation. However, it still guarantees optimality by ultimately solving a few full subproblems. We
apply this approach to a variety of modified IEEE test cases and several scenarios of the real-world Australian
National Energy Market to show that dynamically adjusting the subproblems’ size between multiple fidelities
can provide significant speed-up. Although the proposed method is tested in the context of this specific case
study, it is generically applicable to other long-term planning problems that use Benders decomposition.

Keywords: Benders decomposition, generation storage and transmission expansion planning, mixed-integer
linear programming, multi-cut acceleration, Multiple-Fidelity Benders decomposition.

1. Introduction

The Benders decomposition (BD) framework [1], [2], [3], [4] has been successfully used to solve energy
grid Expansion Planning (EEP), specifically transmission and thermal generation expansion planning. BD
is a natural decomposition that splits the difficult mixed-integer linear program (MILP) of EEP into two
problems: the master problem, an integer program which makes investment decisions, and a subproblem, a
linear program that evaluates operational costs under master-level decisions. Unfortunately, the inclusion of
assets with time-dependent variations, such as renewable generation technologies, has created the need to
solve the operational subproblem over a planning horizon, dramatically increasing complexity. For example,
solar power varies with solar cycles and is subject to seasonal trends, requiring the subproblem to evaluate the
operational cost from power flow at each time-step across the planning horizon. This is further complicated
by the inclusion of battery storage assets.
In the case where batteries are included in the expansion plan, the problem becomes Generation, Storage and
Transmission Expansion Planning (GSTEP). While batteries provide a direct way to mitigate the variability
in power from renewable sources to better match demand, their inclusion introduces linking constraints
between time-steps that are necessary to allow energy stored by one time period to be used in another.
These extra constraints further complicate the model.
A common approach to mitigate this increase in model complexity is to compress the planning horizon into
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representative hours, days, or weeks which attempt to capture the dynamics of demand, and renewable
variability of the system. This approach has been used within BD frameworks and on non-decomposed, or
monolithic, MILP alike [5], [6], [7], [8], [9], [10]. Using this approach, however, the investment decisions
obtained are highly dependent on the length of representation chosen [11].

Hence, practitioners using BD, who wish to maintain the information encoded within the full planning
horizon, are faced with the following choice: solve the subproblem for the entire planning horizon; or split
the planning horizon, but lose the ability to faithfully model the behaviour of batteries between time periods
and, without intervention, lose guaranteed BD optimality.

For realistic test cases, solving a single, long, subproblem is impractical, so the planning horizon must
be split. The question of how to handle the state-of-charge of batteries between consecutive subproblems
remains. The “fixed-charge” strategy consists in setting the state-of-charge of all batteries to a fixed amount
at the beginning of each time-step of each subproblem [12]. However, the starting charge level is “free energy”,
arbitrarily influencing how cost-efficient batteries are to the master problem. Nevertheless, this approach is
attractive as it ensures that the subproblems return a lower bound on the operational costs if the batteries
start full and the price of energy is never negative. Under these assumptions, the master problem of BD
converges to a lower-bound of the optimal GSTEP solution.

In this paper, we extend and improve on this concept of partitioning the planning horizon to create
relaxed independent subproblems and utilise decomposition techniques [13], namely adding cuts from these
relaxed problems before strengthening the formulation, to create a novel framework.

The contributions presented in this paper are:

1. An algorithm, multi-fidelity BD (MFBD) which exploits the BD structure by initially solving a set
of short (low-fidelity) independent subproblems for fast cut generation. These low-fidelity subprob-
lems span the entire planning horizon but with relaxed boundary conditions on storage state-of-charge
variables. Next we increase fidelity by solving longer timescale subproblems to obtain tighter bounds,
keeping the cheap cuts, before eventually recovering the full planning horizon subproblem for guaran-
teed optimality when solved for all facet defining cuts.

2. Further acceleration of MFBD using an adaptive strategy to decide when to increase fidelity: while it
would be possible to solve each fidelity to optimality before switching to a higher fidelity, we instead
detect when the convergence of BD slows down for the current fidelity to increase the fidelity.

3. A theorem with accompanying proof for guaranteeing the preservation of the optimal solution when
solving, and adding cuts from, low-fidelity subproblems.

4. Case study results demonstrating the computational speed-up over Benders Decomposition obtained
using the proposed algorithm.

The remainder of this paper is organised as follows. Section 2 contains a brief literature review of energy grid
expansion planning and BD. Section 3 outlines a standard formulation of the GSTEP problem considering
generation, transmission, and storage expansion with algorithm. Section 4 presents our novel acceleration
technique, justification and modified algorithm. Section 5 highlights the numerical results applied to some
modified standard IEEE test cases, as well as test case scenarios of the 2019 Australian National Energy
Market (NEM). Section 6 concludes the paper.

2. Literature Review

This literature review is split into three key components. First, we consider a brief overview of the current
state of EEP. Research in this area is extremely diverse, and as such we will focus primarily on works directly
related to the version of EEP below, in Section 3. Next, we discuss some of the areas and techniques for
accelerating Benders decomposition (BD). Finally, we highlight the application of BD to the EEP problem.
For more comprehensive literature reviews, we recommend [14, 15].

2.1. Energy Grid Expansion Planning
The problem of EEP was first introduced in 1970 by Garver [16, 17], in the form of transmission network

expansion planning for energy networks (TNEP). More recently, with advancements in renewable energy
technology and political debate about the reliability and cost of electricity, the problem has transformed
from transmission network expansion planning into the long-term planning of entire energy grids [18, 6].
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Given the broad nature of the research into this topic, it is important we clarify which areas we are
specifically investigating. There are many methods researchers use and have used to solve energy expansion
planning: from mathematical techniques to meta-heuristics and machine learning [14, 15].

Regardless of the method used to solve this problem, the problem can be abstracted in many ways. In
its most realistic representation, the flow of electricity is represented as alternating current (AC), which is
non-linear and clearly complicates optimisation approaches. The flow can, of course, be fully relaxed to
obtain a transportation model which readily extends to linear programming (LP) techniques at the cost
of accuracy. A compromise between these representations uses a direct current (DC) approximation in a
disjunctive model [19].

2.2. Benders Decomposition
A popular methodology for dealing with problems containing binary variables is Benders decomposition

(BD) [20]. For a holistic investigation of BD, we recommend the review by Rahmaniani et al. [21].
The concept of adding multiple non-aggregated cuts into the master from independent subproblems in

each iteration has been previously explored, most relevantly in [22]. This paper applies a multiple cut gen-
eration approach to the generation and transmission expansion planning problem. The authors demonstrate
significant speed-up using a multiple cut approach based on generating cuts for planning years and “operating
modes” [22].

There is a limit, however, to how many cuts can be added without creating a master problem that is
prohibitively large to solve. The more cuts added each iteration the faster this state is approached, hence
either the subproblems must be clustered together somehow, or cuts that no longer serve a purpose must be
removed from the master itself [23]. As discussed in [21], further work is required on cut removal strategies.
Finally, a recent (2017) work [24] investigating the parallelisation of a “Nested” BD applied to hydrothermal
scheduling provides key insight into what may be done when considering problems with inter-time dependent
constraints. This “Nested” BD considers a multistage planning horizon, where each stage depends on the
previous, hence creating a nested structure. The authors demonstrate the ability to relax constraints between
what would otherwise be interlinked subproblems allowing for parallelisation and significant computational
speedup [24].

2.3. Benders Decomposition in Grid Expansion Planning
BD has been applied to EEP with positive results since 1985 [1, 25]. The research scope for BD applied

to energy grid expansion planning is broad and covers the range of both the static and dynamic (multi-year)
version of the problem [8], as well as considering security constraints [26].

Even under the BD framework, expansion planning can be difficult and time-consuming to solve. Some
current strategies to accelerate this process partition the planning horizon into smaller time windows, at a
single fidelity (or size), and solve: each constituent subproblem but with altered boundary conditions between
them i.e. each day of a planning year, in order with cyclic conditions [12]; or some set of subproblems from
one part of the planning horizon i.e. the month of June or 4 consecutive days of the year [10, 6]. To speed
up convergence, work has also been done to augment the Benders framework. Specifically, a Branch-and-
Cut Benders Decomposition (BCBD), where BD is embedded inside the Branch-and-Cut framework has
been utilised, to speed up convergence for security constrained TEP problem (SCTEP) [4]. This speed-up
is obtained by reducing the number of nodes/solutions needed to be explored via pruning nodes in the
Branch-and-Bound tree.

The authors in [8] consider a formulation of the dynamic expansion planning problem where each sub-
sequent investment year is considered as a subproblem of the previous. The system is solved in a two-step
process, with a forward pass to obtain a feasible solution and a backward pass to obtain the price and add
cuts for investment decisions in each year. This backwards pass is solved using a Lagrangian relaxation of
the problem. Further work was done, [27], to present a tailored BD in which the subproblems consider each
year in the dynamic planning problem and the master deals with the complicating variables of investment
over a multitude of years. This work also introduces a hull formulation [28] to replace the big-M and alter-
native big-M formulation. This hull formulation has more continuous variables but a tighter LP relaxation.
Experimental results indicated a large time saving when using tailored BD.
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3. Benders Decomposition for GSTEP

In this section, we first provide a monolithic formulation for GSTEP under DC-OPF: MILP (1), [4, 29].
Table 1 summarises the notation used. The MILP is then decomposed using BD. The master, Section 3.1,
and subproblem, Section 3.2, are explained in their respective subsections. The splitting of this subproblem
into smaller independent problems is then covered in Section 3.3. Finally, an algorithm for solving the
single-fidelity BD is provided in Section 3.4.

min
xi, pt.g, qt,g

∑
i∈I

C inv
i xi +

∑
t∈T

∑
g∈G

Cgen
g pt,g +

∑
n∈N

Cqqt,n

 (1a)

s.t. Fmin
l xl ≤ ft,l ≤ Fmax

l xl ∀t ∈ T , l ∈ L, (1b)
ft,l −Bl(θt,ν(l) − θt,ω(l)) ≤Ml(1− xl) ∀t ∈ T , l ∈ L, (1c)
−ft,l +Bl(θt,ν(l) − θt,ω(l)) ≤Ml(1− xl) ∀t ∈ T , l ∈ L, (1d)

θmin ≤ θt,n ≤ θmax ∀t ∈ T , n ∈ N , (1e)
pt,g ≤ Pmax

g xg ∀ t ∈ T , g ∈ G, (1f)

pt,r ≤ Pmax
t,r xr ∀ t ∈ T , r ∈ R, (1g)

pdis
t,e ≤ P dis

e xe ∀ t ∈ T , e ∈ E , (1h)

pchar
t,e ≤ P char

e xe ∀ t ∈ T , e ∈ E , (1i)

vt,e ≤ Cmax
e xe ∀ t ∈ T ∪ {|T |+ 1}, e ∈ E , (1j)

pt,e = pdis
t,e − pchar

t,e ∀ t ∈ T , e ∈ E , (1k)

pdis
t,e − ϵpchar

t,e = vt,e − vt+1,e ∀ t ∈ T , e ∈ E , (1l)∑
i∈I(n)

pt,i +
∑

l∈L|ω(l)=n

ft,l −
∑

l∈L|ν(l)=n

ft,l + qt,n = dt,n ∀t ∈ T , n ∈ N , (1m)

where,
xi ∈ Zn

+ ∪ {0}n ∀i ∈ I, (1n)
ft,l ∈ R ∀t ∈ T , l ∈ L, (1o)
θt,n ∈ R ∀t ∈ T , n ∈ N , (1p)
pt,g ≥ 0 ∀ t ∈ T , g ∈ G, (1q)

pdis
t,e ≥ 0 ∀ t ∈ T , e ∈ E , (1r)

pchar
t,e ≥ 0 ∀ t ∈ T , e ∈ E , (1s)

pt,r ≥ 0 ∀ t ∈ T , r ∈ R, (1t)
pt,e ∈ R ∀ t ∈ T , e ∈ E , (1u)
vt,e ≥ 0 ∀ t ∈ T ∪ {|T |+ 1}, e ∈ E , (1v)
qt,n ≥ 0 ∀ t ∈ T , n ∈ N . (1w)

MILP (1) is then split into a master problem containing the binary (investment decision) variables and a set
of subproblems, S, representing DC optimal power flow over a network (DC-OPF) under these investment
decisions [4, 29].

3.1. Master (Investment) Mixed Integer Linear Program
The master problem for GSTEP minimises the cost of investing in each asset by assigning each a binary

investment decision variable, xi, over the set of assets I. Each investment variable xi has a corresponding
annualised investment cost C inv

i . The operational costs are provided by the decision variables, αs, for each
subproblem s ∈ S. These αs variables are bounded (2b) by the optimality cuts from each subproblem;
they pass back information from the subproblems to guide investment decisions in the master problem.
Specifically, in (2b), zs(x̄k) is the objective value of subproblem, s, in iteration, k, λk

s,i is the dual price of
each investment decision x̄i from iteration k.
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Table 1: Notation

Sets Explanation
T Discrete time-steps (Monolithic MILP)
Sγ Subproblem indices for fidelity γ ∈ Γ
Ts Discrete time-steps in subproblem s
Pγ End time-steps for subproblems for fidelity γ ∈

Γ
Γ Fidelities: {Daily, Weekly, Monthly, Yearly}
N Nodes
L Transmission lines
G Thermal generators
R Renewable generators
E Storage assets
I L ∪ G ∪R ∪ E
Parameters
Bl Susceptance in line l ∈ L
Fmin
l Minimum power flow in line l ∈ L

Fmax
l Maximum power flow in line l ∈ L

θmin Minimum phase angle
θmax Maximum phase angle
Pmax
g Maximum generation of thermal generator g ∈

G
Pmax
t,r Maximum generation of renewable generator

r ∈ R at time-step t ∈ Ts
P char
e Maximum charge rate to battery e ∈ E

P dis
e Maximum discharge rate from battery e ∈ E

Cmax
e Maximum state-of-charge battery e ∈ E

ϵ Storage loss parameter
dt,n Demand at node n ∈ N at time-step t ∈ Ts
Cgen

g Generation/fuel cost of generator g ∈ G
C inv

i Investment cost of asset i ∈ I
Cq Cost of unserved demand
Ml Big-M constants per line l ∈ L
Decision Variables
ft,l Flow in line l ∈ L at time-step t ∈ Ts
θt,n Phase angle at node n ∈ N at time-step t ∈ Ts
pt,i Power from asset i ∈ {G ∪ R ∪ E} at time-step

t ∈ Ts
vt,e state-of-charge of battery e ∈ E at time-step

t ∈ Ts
qt,n Unserved demand at node n ∈ N at time-step

t ∈ Ts
xi Binary investment decision variable for exis-

tence of asset i ∈ I
αs Optimality cut variable for subproblem s ∈ Sγ
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min
xi,αd

∑
i∈I

C inv
i xi +

∑
s∈S

αs, (2a)

subject to:

αs ≥ zks (x̄)+
∑
i∈I

λk
s,i(xi − x̄k

i ) ∀s ∈ S, k, (2b)

αs ≥ 0 ∀s ∈ S, (2c)
xi ∈ Zn

+ ∪ {0}n ∀i ∈ I. (2d)

3.2. Linear Subproblem (DC-Optimal Power Flow)
The subproblems consider the operational cost under the set o f investment decisions x̄. The objective

value zs(x̄) is the minimum cost of power generation plus the cost of unserved demand for subproblem s.
The power output for each generator g ∈ G, at each time-step t ∈ Ts, is given by the decision variables pt,g.
The generation cost is measured in LP (3) by multiplying the power generation decision variables by their
associated per-unit generation cost, Cgen

g , and summing over time-steps and generators. Note that we assume
the cost of generation is fixed in time. Ramp-rate constraints and unit commitment are not considered in
this model. The inclusion of ramp-rates adds in additional time-linking constraints, which compound with
those from state-of-charge variables. However, for the times-scales and asset types considered in this paper,
these ramp-rates do not have significant impact. Only coal-fired thermal generators have sufficiently shallow
enough ramp-rate to affect dispatch, albeit marginally, as compared to storage limits, which are binding and
act across all assets.

Unserved demand is determined at each node n, and each time-step t, with the decision variables qt,n.
The associated cost of unserved demand, in LP (3), is the multiplication between this variable and the per-
unit cost, Cq, added over all time-steps and nodes. This minimisation is subject to power flow, generation,
storage and nodal balance constraints, (5),(6),(7),(8a),(8b),(9), explained below. Finally we note that λi is
the dual variable associated with the constraint fixing the investment decision variables to the values chosen
by the master.

zs(x̄) = min
pt.g, qt,g

∑
t∈Ts

∑
g∈G

Cgen
g pt,g +

∑
n∈N

Cqqt,n

 (3a)

s.t. Eqs. (1b) to (1m) and (1o) to (1w) ∀ t ∈ Ts,
xi = x̄i ∀i ∈ I : λi. (3b)

We consider, in our testing, both a DC-OPF and a simple transportation model.
In the transportation model, the flow decision variables ft,l in each line l at each time-step t are only

bounded by the minimum and maximum thermal limits on each line Fmax
l and Fmin

l such that,

Fmin
l xl ≤ ft,l ≤ Fmax

l xl ∀t ∈ Ts, l ∈ L. (4)

When considering DC-OPF the power flow constraints along transmission lines in our network are further
restricted/governed by Kirchhoff’s second voltage law (5a), (5b) in the disjunctive big-M form. Consider

ft,l −Bl(θt,ν(l) − θt,ω(l)) ≥ −Ml(1− xl) ∀t ∈ Ts, l ∈ L, (5a)

and
ft,l −Bl(θt,ν(l) − θt,ω(l)) ≤Ml(1− xl) ∀t ∈ Ts, l ∈ L, (5b)

where we introduce the phase angle variables θt,n at node n, and time-step t, and where ν(l) and ω(l)
refer to the start and end nodes of line l, respectively. The inclusion of these constraints means the loss of
monotonicity in the objective: the addition of candidate lines does not necessarily decrease the subproblem
cost. The constant Bl is the susceptance of line l, and M is a large “big-M” constant. The phase angle
variables are also bounded by θmin and θmax:

θmin ≤ θt,n ≤ θmax ∀t ∈ Ts, n ∈ N . (5c)
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The only limitations placed on thermal generators is that they sit in their operating range, such that, at
time-step t, we have the power from thermal generator g, pt,g, bounded by

0 ≤ pt,g ≤ Pmax
g xg ∀ t ∈ Ts, g ∈ G, (6)

with investment decisions for generator g, xg and maximum generation output given by Pmax
g . There are

analogous constraints for the power from renewable generators. For renewable generator r, the decision
variable for power output pt,r, is bounded by Pmax

t,r , corresponding to the asset’s renewable trace at time-
step t and the investment decision variable for the corresponding asset, xr, such that

0 ≤ pt,r ≤ Pmax
t,r xr ∀ t ∈ Ts, r ∈ R. (7)

The final set of constraints bounds the dynamics of storage assets: charging, discharging, and charge level.
The charging/discharging decision variable pt,e at time-step t, for storage unit e, is bounded by the charging
and discharging constants P char

e , P dis
e respectively, with the decision variable xe.

−P char
e xe ≤ pt,e ≤ P dis

e xe ∀ t ∈ Ts, e ∈ E . (8a)

The state-of-charge decision variables vt,e, for each storage asset e, at time-step t, are bounded by constant
Cmax

e , as the maximum state-of-charge of this asset:

0 ≤ vt,e ≤ Cmax
e ∀t ∈ Ts ∪ {|Ts|+ 1}, e ∈ E . (8b)

At each time-step t, and asset e the charge and discharge variables pchar
t,e and pdis

t,e are governed by the change
in charge level on either side of the time-step. To account for round-trip efficiency, a loss factor of ϵ is applied
to the charging variable. Simply,

pdis
t,e − ϵpchar

t,e = vt,e − vt+1,e ∀t ∈ Ts, e ∈ E . (8c)

Then, the net flow pt,e in or out of the assets can be determined. This is written as,

pt,e = pdis
t,e − pchar

t,e ∀t ∈ Ts, e ∈ E . (8d)

Note that (8c) is the only constraint that acts temporally, linking the current time-step t, to the next
time-step, (t + 1). As such, when the planning horizon is split into multiple low-fidelity subproblems, this
constraint is relaxed at the boundary between subproblems, see Section 3.3. A common alternative approach
is to include cyclic boundary conditions where the first and last time-step must have the same state of charge.
This, however, does not guarantee a lower-bound cut for the subproblems.

The final constraint measures the unserved energy. At each node n and time-step t, it requires that the
sum of power generated, stored and dispatched, along with all power flowing into and out of each node, plus
unserved energy qt,n, add up to the demand dt,n. Explicitly,∑

i∈I(n)

pt,i +
∑

l∈L|ω(l)=n

ft,l −
∑

l∈L|ν(l)=n

ft,l + qt,n = dt,n ∀ t ∈ Ts, n ∈ N . (9)

The inclusion of unserved demand in the subproblems guarantees that the subproblems are always feasible.

3.3. Subproblem generation
When considering a single subproblem spanning the entire planning horizon, in this case a “Yearly”

fidelity with SY = {1}, the above formulation is a standard BD with one subproblem and a single cut added
each iteration. When partitioning the planning horizon into smaller intervals and generating independent
subproblems, some treatment for Eq. (8c) must be considered at the boundary when one subproblem ends
and another begins. This is the only constraint in the above formulation that links time-steps together. By
duplicating the variable corresponding to the state-of-charge at the end of a subproblem and assigning the
newly created variable to the next subproblem the two time-steps are no longer connected and independence
is gained. To illustrate this, consider a partition where a single year is split into daily subproblems, a “Daily”
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fidelity. Then, SD = {1, 2, . . . , 365} with each subproblem containing 24 time-steps. Or, explicitly: for s = 1
we have T1 = {1, 2 . . . , 24}, for s = 2, T2 = {25, 26 . . . , 48}, and so on.

Then to separate subproblem 2 from subproblem 1 we can remove the constraints

p24,e = v24,e − v25,e ∀ e ∈ E . (10)

Then we replace them with two new sets of constraints

p24,e = v24,e − v̄25,e ∀ e ∈ E , (11)
v25,e = v̄25,e ∀ e ∈ E . (12)

The newly created v̄25,e variables that duplicate the state-of-charge at the end of subproblem 1. By removing
Eq. (12), the subproblems become decoupled and can be solved independently. This process can be continued
for each day, or more generally applied to any boundary where a new subproblem is generated. To generalise
this, we define a set of endpoints of subproblems, for a given fidelity γ, Pγ ⊂ T and replace with

pdis
t,e − ϵpchar

t,e = vt,e − v̄t+1,e ∀ t ∈ T , e ∈ E , (13)

vt,e = v̄t,e ∀ t ∈ T , e ∈ E . (14)
vt,e = v̄t,e ∀ t ∈ Pγ , e ∈ E . (15)

The decomposition into independent subproblems then involves relaxing (15). The decomposed subproblems
can then be written as

zs(x̄) = min
pt.g, qt,g

∑
t∈Ts

∑
g∈G

Cgen
g pt,g +

∑
n∈N

Cqqt,n

 (16a)

s.t. xi = x̄i ∀i ∈ I : λi, (16b)
Eqs. (1b) to (1k) and (1m) ∀ t ∈ Ts,

v̄t,e ≤ Cmax
e xe ∀ t ∈ Ts ∪ {|Ts|+ 1}, e ∈ E , (16c)

pdis
t,e − ϵpchar

t,e = vt,e − v̄t+1,e ∀ t ∈ Ts, e ∈ E , (16d)

vt,e = v̄t,e ∀ t ∈ Ts, e ∈ E , (16e)
where,
Eqs. (1o) to (1u) and (1w) ∀ t ∈ Ts,

vt,e ≥ 0 ∀ t ∈ Ts ∪ {|Ts|+ 1}, e ∈ E , (16f)
v̄t,e ≥ 0 ∀ t ∈ Ts ∪ {|Ts|+ 1}, e ∈ E . (16g)

This formulation leaves the variables vt,e and v̄t,e uncoupled at the final time-step of each subproblem, s,
allowing subproblems s and s+ 1 to be solved independently.

3.4. Algorithms
We provide, in Algorithm 1, the general steps for solving the above formulation [12]. Firstly, the fidelity

of the subproblem must be chosen, these can be intuitively picked from cyclic structures such as days, weeks,
months or more flexibly chosen as any discretisation of the planning horizon. Once the length of time for
each problem is chosen, the subproblems are generated by segmenting the planning horizon into these lengths
consecutively. For details on generating independent subproblems see Section 3.3. Then the main loop of
Benders decomposition can run. This involves iterating between obtaining a solution of investment variables
by solving the master problem, then, utilising this solution to solve the subproblem(s) to obtain optimality
cut(s). These cut(s) are added to the master before it is solved for a new solution. This cycle continues until
the termination criterion is met. Algorithm 1 does not change fidelities at any point and storage is forced to
be full at the beginning of each subproblem. This produces a lower bound on the optimal objective for the
full problem. The ‘UB’ in Algorithm 1 is only an upper bound to the approximate problem. At no point in
this algorithm is the true (full horizon) operational cost evaluated. To strengthen this weakness, we present
the multi-fidelity approach.
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Algorithm 1 Single Fidelity Benders Decomposition
Input: Fidelity γ
Initialise: master problem
Initialise: subproblem end points Pγ

Initialise: subproblem(s) for s ∈ Sγ
do

sol, LB ← SolveMaster()
for s ∈ S do

cut(s) ← SolveSub(s,sol)
UpdateMaster(cut(s))

end for
Update: UB; Gap = min{Gap, UB−LB

UB }
while Gap ≥ tol

4. Multi-Fidelity Benders Decomposition

Within the model presented in Section 3, the only linking constraints across time correspond to the state-
of-charge variables of energy storage assets. When relaxing the linking constraints between subproblems (see
Section 3.3), the size of the time windows, or the fidelity, will affect the attractiveness of storage investment.
This bias can be mitigated by considering higher fidelity subproblems and thus tightening the formulation
and obtaining more discerning Benders cuts.

We therefore present a novel method for accelerating the BD process by solving a series of low-fidelity
subproblems and adding their cuts back to the master, before switching to the “true” problem once enough
progress has been made. With this method, we present an important change to the master problem for
GSTEP. We consider, instead of a single α variable per subproblem, a variable for each subproblem of the
lowest-fidelity. Specifically, we use a variable αd per daily subproblem. When the subproblem size being
solved is daily, then the formulation presented above does not change. However, when considering higher
fidelity subproblems i.e. weekly, the master problem optimality cut’s left-hand-side must adjust to sum over
all αd variables involved in each subproblem. This changes the master problem formulation to:

min
xi, αd

∑
xi∈I

C inv
i xi +

∑
d∈SD

αd

s.t.
∑
d∈s

αd ≥ zks +
∑
i∈I

λk
s,i(xi − xk

i ),

∀ s ∈ Sγ , ∀ k,

αd ≥ 0 ∀ d ∈ SD,

xi ∈ Zn
+ ∪ {0}n ∀ i ∈ I.

(17)

For example a daily fidelity cut from the first day will take the form,

α1 ≥ zk1 +
∑
i∈I

λk
1,i(xi − xk

i ).

Then, when moving from daily to weekly subproblems, a cut from the first week will take the form,∑
d∈1:7

αd ≥ zk1 +
∑
i∈I

λk
1,i(xi − xk

i ).

Algorithm 2 is a high-level generalisation of this process. We define an initial list of fidelities, L, from
which the subproblems can be generated by the process outlined in Section 3.3. The change condition to
move from one fidelity of subproblems to the next is customisable. For example, we test a simple version of
Algorithm 2 using a bi-fidelity approach. This means initialising a fidelity list, L, with just two entries, e.g.
L = [“Daily”, “Yearly”]. Then in practice, the algorithm solves daily subproblems to generate fast cuts before
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Algorithm 2 Multi-Fidelity Benders Decomposition
Input: Fidelity list: L
Initialise: master problem
for γ ∈ L do

Initialise: subproblem end points Pγ

Initialise: subproblem(s) for s ∈ Sγ
do

sol ← SolveMaster(cuts)
for s ∈ Sγ do

cut ← SolveSub(s, sol)
UpdateMaster(cut,s)

end for
while Change condition not met

end for

changing to the yearly problem when the BD Gap tolerance is met. The yearly subproblem is then solved
again until the tolerance is met. An extension to this rather simple approach is to lengthen the fidelity list
and augment change condition. The adaptive approach we investigate is centred on switching fidelity when
the convergence slows down. When significant progress is no longer being made for a given subproblem, the
next fidelity is selected and the algorithm continues. Any cuts generated by previous fidelities are kept when
a new fidelity is selected. This allows information from previous solutions to be preserved. Once the yearly
problem is reached, the master solved until the Gap falls below the desired tolerance.

4.1. Optimality guarantee
The multi-fidelity approach is an exact optimisation algorithm. From, Theorem 2 (see Appendix A) we

know that the cuts generated at lower fidelity are valid lower bounds and do not eliminate optimal solutions.
As the algorithm continues and increases fidelity, the subproblems become larger and their cuts stronger,
until we reach a subproblem spanning the entire planning horizon. The final phase where the original (full)
subproblem is solved then guarantees that ultimately an optimal solution is found:

Corollary 1. The optimal solution using MFBD (Algorithm 2) is optimal for the full formulation if the
final fidelity consists of a single subproblem.

The benefit from solving relaxed problems first comes from quickly cutting off poor solutions. Using a
single subproblem spanning the entire planning horizon these solutions would still be removed. However,
generating these cuts is much slower, as demonstrated in the results below. This theory is extensible to
multi-year investment planning horizons without loss of optimality. Specifically, adding constraints to the
master problem relating to multi-stage investment decisions do not affect the theorem, proof or corollary.

5. Results

5.1. Test cases and parameters
The results obtained in this paper are on the modified 6, 14 and 24 IEEE bus systems [30] as well as

test instances based on the Australian Energy Market Integrated Systems Plan from 2020 [31]. These NEM
cases are:

• Central: costs are determined by market forces and current federal and state government policies;

• Slow Change: slower economic growth and emission reductions;

• Step Change: both consumer-led and technology-led transitions occur in the midst of aggressive global
decarbonisation;

• High DER: rapid consumer adoption of distributed energy resources (DER), which includes technologies
such as rooftop solar, wind and battery storage;
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• Fast Change: greater investment in grid-scale technology.

The data used in this paper is available online [32].
Table 2 is a summary of the test cases used. Further, Table 3 is provided for reference of the fidelity of
each proposed and solved subproblem. We note that in some fidelities, the number of time-steps over all
subproblems does not add up to a full year of hours, 8760. This is resolved by including all remaining
time-steps in the final subproblem of a given fidelity. Within these test cases, we use a planning horizon
of 365 days with an hourly resolution. We set the cost of unserved demand to be $1000/MWh, the phase
angle bounds to be ±π

2 and the storage loss parameter to 0.9. The big-M constants were calculated using

Table 2: Table summary of test cases.

Nodes Lines Generators Renewables Storage Flow Citation
Test Cases - Init Cand Init Cand Init Cand Init Cand - -
6bus 6 7 3 3 4 0 4 0 3 DC [30]
14bus 14 20 7 5 6 0 6 0 4 DC [30]
24bus 24 34 6 12 6 0 10 0 6 DC [30]
Central 5 7 4 36 21 106 106 15 29 T [31]
Step Change 5 7 4 36 21 106 106 15 29 T [31]
Slow Change 5 7 4 36 21 106 106 15 29 T [31]
High DER 5 7 4 36 21 106 106 15 29 T [31]
Fast Change 5 7 4 36 21 106 106 15 29 T [31]

In the NEM case we note that candidates for Storage, Renewables and Generators refer to build sites and
have much larger corresponding build limits.
Storage here is an umbrella for battery, pumped hydro and regular hydro technologies.
DC refers to DC Optimal power flow. T refers to a transportation model of power flow.

the shortest path method per candidate line [33, 34]. For more information on the exact specifications of
the modified IEEE test cases, please refer to [30]. For all test cases the Gap tolerance was set to 0.01%.
Both the bi-fidelity and the adaptive multi-fidelity approach were only terminated when the Gap for the
yearly subproblem fell below the given tolerance or the wall time of 10,000 seconds was exceeded. The tested
adaptive approach was fixed to move between daily, weekly, monthly, and the full yearly subproblem in the
direction of increasing subproblem length. The change condition used, in our adaptive approach, is to check
if the improvement in Gap over the previous 10 iterations was greater than 0.5%, or that the Gap falls below
tolerance. All tests were run on a server with specifications: AMD EPYC-Rome Processor, instruction set
[SSE2|AVX|AVX2]. Gurobi (12.0.0) was used, with default only parameters with 6 threads. For LP solving,
Gurobi used concurrent optimisers: primal simplex, dual simplex, and barrier. Models were written in Julia
using the JuMP package.

5.2. Analysis
We see across each IEEE test case in Figs. 1a to 1c, that all multiple fidelity approaches, either a bi-fidelity

or the adaptive, are significantly faster than when solving only the full yearly subproblem from the beginning,
as in classic Benders Decomposition. We notice a trade-off between time taken to solve the master problem
and time taken in solving each subproblem over the course of the algorithm when decreasing the fidelity. As
the number of iterations increases, so too does the number of constraints in our master problem. This leads

Table 3: Table summary of subproblem fidelities.

Subproblem Number of Number of
Fidelity notation time-steps subproblems
Daily SD 24 365
Weekly SW 168 52
Monthly SM 720 12
Yearly SY 8760 1
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(a) (b)

(c)

Figure 1: Master objective against time for IEEE scenarios comparing single yearly fidelity, bi-fidelity and adaptive multi-
fidelity (Mulit Fidelity) approaches. Crosses indicate an iteration in which the full yearly subproblem was solved, and solid
circles indicate where the adaptive approach has switched fidelity. The legend entries indicate which fidelity each approach
starts with, apart from Multi Fidelity which starts using daily subproblems.

(a) Daily subproblems. (b) Weekly subproblems.

Figure 2: Comparison of time spent solving the master and subproblems of the IEEE 14 bus test case.

to increased complexity and as such increase in solve time, which in some test cases can prove prohibitive.
In Fig. 2 we observe this growth in the time spent solving the master problem. Specifically, when solving
daily subproblems, Fig. 2a, we observe significant growth in the master solve time, as 365 cuts can be added
each iteration. Over many iterations, this growth dominates the computational effort. Comparatively, when
using weekly subproblems, Fig. 2b, only 52 cuts are added each iteration, these are stronger and do not
take significantly longer to solve and so the optimal solution is obtained before this growth in constraints
can become a problem. Combining these observations, we determine that switching based solely on the Gap
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tolerance, as in the bi-fidelity case, can result in fast growth in the master problem solve times and therefore
convergence is heavily reliant on the initial fidelity chosen.

Tables 4 to 6 provide result summaries and solution times for the IEEE and NEM cases. For conciseness,
we only provide these results for the adaptive multi-fidelity approach, classic BD, and the monolithic MILP
formulation. Across all three IEEE test cases, the adaptive multi-fidelity approach achieves optimality much
faster than either the monolithic MILP or the classic BD approach. For the 14 bus test case the monolithic
MILP does not find the optimal solution within the wall time. The structure of the IEEE tests cases is

Table 4: Solve times for Classic BD.

Time (s) Number of Cost ($M) (%)
Test Cases MP SP Total Iterations Best LB Gap
6bus 2.4 581 595 56 154.02 0.0
14bus 5.4 9,504 9,539 97 636.74 0.0
24bus 0.6 1,499 1,513 27 1,610.26 0.0
Central 0.4 12,962 12,977 7 942.03 90.17
Step Change 0.1 12,184 12,197 5 597.10 95.33
Slow Change 0.1 11,947 11,962 7 610.69 87.13
High DER 0.3 10,335 10,352 6 704.05 91.89
Fast Change 0.3 10,248 10,265 7 756.02 92.84

Table 5: Solve times for Adaptive MFBD.

Time (s) Number of Cost ($M) (%)
Test Cases MP SP Total Iterations Best LB Gap
6bus 38 18 70 40 154.02 0.0
14bus 666 206 890 85 636.74 0.0
24bus 4 57 78 22 1,610.25 0.0
Central 294 9,535 10,008 98 4,335.92 12.5
Step Change 238 10,153 10,524 86 4,246.38 11.9
Slow Change 225 12,103 12,512 89 3,022.15 11.6
High DER 237 10,072 10,479 98 3,817.93 13.7
Fast Change 274 9,779 10,206 89 4,314.81 13.0

Table 6: Monolitic MILP Evolution.

Case Root relaxation time Root Solution Best Bound Gap Final Time
(s) ($M) ($M) (%) (s)

6 bus 45 146.06 154.02 0 2,511
14 bus 347 576.51 589.04 11.7 10,000
24 bus 304 1,605.68 1,610.26 0 9,423
Central 1,449 4,857.03 4,858.43 6.30 12,570
Step Change 1,525 4,729.12 4,730.53 0.29 10,029
Slow Change 1,605 3,383.87 3,391.39 0.01 10,024
High DER 2,199 4,329.17 4,331.50 6.13 11,116
Fast Change 1,512 4,853.42 4,854.95 6.41 10,677

such that there are no storage assets initially present or as part of the optimal solution. However, during the
course of the algorithm, solutions including storage assets are tested. In these test cases, even the multiple
fidelity approach can get stuck on low fidelity subproblems, as in the 14 bus case. the switching strategy
in this instance is not ideal. In comparison to classic BD solving only a yearly subproblem, however, the
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multiple fidelity approach is still much faster. Again, we emphasise that without prior knowledge of how
each test case may behave, a generalised approach is preferential.

We then consider the NEM test cases listed in Table 2. The results of which, as shown in Fig. 3, highlight
the effectiveness of an adaptive multi-fidelity approach especially as compared to classic BD. In each of the five
scenarios, our adaptive approach is comparable to if not faster than the next best methodology at any point
in the run time. We notice that the switching points allow the adaptive curve to avoid stalling in convergence
and follow the curve of the best fidelity. The inconsistency in performance of bi-fidelity approaches, such
as the Daily bi-fidelity curve in Fig. 3d, further highlights the importance of a methodology that does not
require pre-knowledge of how well it will perform. Tables 4 and 5 further highlight the significant gain
over classic BD, the smaller subproblems from the MFBD approach allow for a much greater number of
useful cuts to be added, pushing the lower bound far beyond what is possible with only a single cut each
iteration. Each of the approaches in the NEM cases terminated due to the wall time limit of 10,000 seconds
being reached. Within this time limit, the Monthly bi-fidelity approach (which is the only method to reach
a comparable objective value) does not switch to evaluating yearly subproblems in all but one test case.
For expansion planning problems, 10,000 seconds may be considered a short cutoff point, considering the
difficulty of the problem and the long planning horizons. However, the MFBD methodology presented can
be readily extended to the dynamic expansion planning problem with multi-year time horizon and security
constraint expansion planing. Solving an accurate problem down to a reasonable gap quickly is critical for
these problems, since they involve many years in the former and many scenarios in the latter case.

Table 6 provides a summary of the key monolithic MILP solving information. Gurobi’s barrier solve
finds a solution to the root node linear relaxation (first and second columns), which provides a high lower
bound, relatively quickly before moving to the branch-and-bound, which then makes little progress. The
best bound is the final integer bound Gurobi is able to obtain, and the gap presented is the integrality gap to
the incumbent solution. The final bound for the IEEE cases is the optimal solution, as discussed previously,
while the NEM cases do not reach the optimal solution. The lower bounds obtained by Gurobi when solving
the monolithic MILP, in the NEM cases, are higher than those we obtain using MFBD. However, these are
inconsistent across all test cases. Without knowing how well the monolithic MILP will converge on a given
problem, there is potential for significant speed up when using our approach.

More detailed result tables can be found in the appendix. These include: problem sizes for each fidelity
and the MILP; a breakdown by fidelity of the Adaptive MFBD algorithm solution times; and investment
solution summary information of the Adaptive MFBD algorithm for each test case.

Fig. 4 highlights the effect of relaxation on subproblem cost as the algorithm converges. After each
fidelity has converged sufficiently, and we switch to the next, there is a clear spike in subproblem cost as the
formulation is tightened through the addition of previously relaxed linking constraints. This objective then
decreases again as new cuts are added, and alternative investment solutions are tried.

The analogue of this is Fig. 5 showcasing the jump in investment cost as new solutions must be investigated
given the tighter formulation. From this we also see that the solutions explored in the lower-fidelity iterations
are, for the most part, not revisited once the subproblems have moved to higher-fidelities. Within each
fidelity, the addition of the investment cost and subproblem objectives provide an upper bound on the
optimal solution cost at that fidelity. When yearly problems are considered, this provides an upper bound
to the optimal solution to the monolithic problem and is analogous to the incumbent solution provided by
Gurobi. Hence, these graphs provide a higher solution cost than those presented in Fig. 3. When the optimal
solution relative to the yearly subproblem is reached, then the subproblem cost and investment cost add
to give the same cost as the optimal monolithic problem and the same cost as the optimal master solution
(with all facet defining cuts added).

6. Conclusion

We demonstrate on GSTEP a modified BD strategy, MFBD, focused on balancing time between cut
generation and solving the master problem. To obtain this scheme, we require small relaxations across
temporal linking constraints to generate independent subproblems over multiple fidelities. The generated
low-fidelity subproblems are fast to solve and generate more cuts each iteration, these cuts represent a
lower bound. Then high-fidelity subproblems, that accurately represent the problem but which can take
prohibitively long when used in isolation, are solved. We observe that by utilising a switching mechanism,
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Figure 3: Master objective against time for NEM scenarios comparing single yearly fidelity, bi-fidelity and adaptive multi-fidelity
approaches. Crosses indicate an iteration in which the full yearly subproblem was solved, and solid circles indicate where the
adaptive approach has switched fidelity. The legend entries indicate which fidelity each approach started with, apart from
adaptive which starts using daily subproblems

to adaptively change fidelity of the subproblem being solved, a speed-up can be obtained for larger test
cases when compared to classic Benders Decomposition. This can be attributed to the inevitable slow-down
caused by adding a multitude of cuts to the master when solving low-fidelity problems. By striking this
balance we avoid such slowdown which can, in certain cases, be catastrophic. We also include a theorem
with proof that the presented MFBD algorithm will converge to the optimum of GSTEP when the full-time-
horizon subproblem is solved for all facet defining cuts. Ultimately, the presented switching strategy is one
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Figure 4: Subproblem objective function against iteration of the adaptive multifidelity approach.

Figure 5: Investment Cost against iteration of the adaptive multi-fidelity approach.

of many possible alternatives, and further work will include refinement of the adaptive-switching rule for
best performance across a wider expanse of data sets. Future work will focus on expanding and solidifying
a suite of standardised test datasets such that comparison between existing methodologies is possible.
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Appendix A. Mathematical foundation of optimality using Multi-Fidelity Benders Decompo-
sition

To demonstrate the general validity of the approach proposed here, consider the following MILP that is
structurally similar to the problem of GSTEP. With some investment cost c for integer investment variables
x, operational cost d for continuous operational variables y (combining f, θ, p, q and v variables from Table 1)
and constraint matrices A, B and E.

min
x, y

c⊤x+ d⊤y

s.t. Ax+By ≤ b,

Ey = 0,

y ≥ 0,

x ∈ Zn
2

(A.1)
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Here the Ey = 0 consists of the linking constraints (14). The remaining constraints of (5)-(9) are part of
the Ax+By ≤ b inequalities for suitable A,B and b.

Under Benders Decomposition the master problem for the above is:

min
x, α

c⊤x+ α

s.t. α ≥ 0,

x ∈ Zn
2

(A.2)

with associated subproblem:
z(x̄) = min

y
d⊤y

s.t. By ≤ b−Ax̄,

Ey = 0,

y ≥ 0.

(A.3)

The dual for this is given by:
k(x̄) = max

π, λ
(b−Ax̄)⊤π + 0⊤λ

s.t. B⊤π + E⊤λ ≤ d,

λ unrestricted, π ≤ 0

(A.4)

The proof that master problem (A.2) with primal & dual subproblem (A.3) & (A.4) are equivalent to MILP
(A.1) is given by M. Conforti et al. [35], under the assumption that all Benders cuts obtained from LP (A.4)
are added to the master (A.2).

The proposed multi-fidelity scheme begins by solving a relaxed version of the operational GSTEP problem
analogous to removing the requirement that Ey = 0 in problem (A.3) and thus giving:

zr(x̄) = min
y

d⊤y

s.t. By ≤ b−Ax̄,

y ≥ 0

(A.5)

Which has an associated dual given by:

kr(x̄) = max
π

(b−Ax̄)⊤π

s.t. B⊤π ≤ d,

π ≤ 0

(A.6)

Lemma 1. If the primal problem is feasible and bounded, the dual problem is bounded.

Theorem 2. Consider a bounded, feasible, mixed-integer linear program of the form in problem (A.1) with
Benders Decomposition and dual as given by (A.2) and (A.4). The cut generated by solving the relaxed
problem (A.5) and its dual (A.6) constitute a valid lower bound for the unrelaxed problem, and as such
cannot cut off an optimal solution.

Proof. As all problems are feasible and bounded, we know there is an optimal solution for each problem.
We denote these optimal solutions as x(n), y(n) for primal problem (n) and π(m), λ(m) for dual problem (m).
The optimal solution for dual problem (A.6), labelled as π(A.6), is a feasible solution of dual problem (A.4)
choosing λ = 0.
By definition, the optimal solution for dual problem (A.4), (π(A.4), λ(A.4)), will give a higher objective value
than the feasible solution (π(A.6), λ = 0).
We therefore have for any feasible solution (x̄, ȳ) of problem (A.1) and some optimal solution y(A.3) of
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problem (A.3) that

c⊤x̄+ d⊤ȳ ≥ c⊤x̄+ d⊤y(A.3)

S.D
= (b−Ax̄)⊤π(A.4) + 0⊤λ(A.4)

≥ (b−Ax̄)⊤π(A.6) + 0⊤0

= (b−Ax̄)⊤π(A.6).

S.D indicates that the equality holds due to strong duality. The above inequality demonstrates that the cuts
generated from solving the relaxed dual problem, (A.6) are a lower bound for problem (A.3).

Appendix B. Test case sizes

Table B.7: MILP and LP sizes for each test case (before presolve).

Rows Continuous Integer Total Non-zeros

6bus

Monolithic MILP 770,910 420,851 24 420,875 2,119,376
Master 24 365 24 389 24
Subproblem (Daily) 2,142 1,182 0 1,182 5,846
Subproblem (Weekly) 14,814 8,094 0 8,094 40,696
Subproblem (Monthly) 63,390 34,590 0 34,590 174,278
Subproblem (Yearly) 770,910 420,510 0 420,510 2,119,376

14bus

Monolithic MILP 1,681,976 806,293 48 806,341 4,717,231
Master 48 365 48 413 48
Subproblem (Daily) 4,664 2,264 0 2,264 12,994
Subproblem (Weekly) 32,312 15,512 0 15,512 90,574
Subproblem (Monthly) 138,296 66,296 0 66,296 387,964
Subproblem (Yearly) 1,681,976 805,976 0 805,976 4,717,231

24bus

Monolithic MILP 2,601,806 1,279,337 74 1,279,411 7,155,160
Master 74 365 74 439 74
Subproblem (Daily) 7,214 3,590 0 3,590 19,710
Subproblem (Weekly) 49,982 24,614 0 24,614 137,352
Subproblem (Monthly) 213,926 105,206 0 105,206 588,284
Subproblem (Yearly) 2,601,806 1,279,046 0 1,279,046 7,155,160

5bus NEM

Monolithic MILP 4,906,325 4,424,253 324 4,424,577 13,717,781
Master 637 365 324 689 637
Subproblem (Daily) 13,852 12,532 0 12,532 37,835
Subproblem (Weekly) 94,492 85,252 0 85,252 262,583
Subproblem (Monthly) 403,612 364,012 0 364,012 1,123,399
Subproblem (Yearly) 4,906,012 4,424,212 0 4,424,212 13,717,468

Table B.7 gives a summary of the sizes, when given to Gurobi, in terms of number of rows, columns and
non-zero coefficients for the linear and mixed integer programs. All subproblems listed are LPs, the master
is a MILP.

Table B.8 provides the algorithm evolution information broken down by fidelity being solved for the
Adaptive MFBD approach. For each test case, the time spent solving the master problem, subproblem, and
the total time in each fidelity is provided. The number of iterations of each fidelity as well as the final lower
bound obtained in each fidelity are also presented. The gap for these lower bounds is relative to the UB found
in that specific fidelity. As such, the only globally valid gap and UB are those of the Yearly subproblems.
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Table B.8: Solve times for Adaptive MFBD by fidelity.

Time (s) Number of Cost ($M) (%)
Test Cases Fidelity MP SP Total Iterations Best LB Gap

6bus
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Table B.9: 6 bus Investment Decisions

Asset Type Capacity Investment (MW) Investment Cost ($M)
CBD MFBD MILP CBD MFBD MILP

Lines 200 200 200 0.6 0.6 0.6
Generators 200 200 200 33.5 33.5 33.5
Renewables 115 115 115 12.2 12.2 12.2
Storage 0 0 0 0 0 0
Total 515 515 515 46.3 46.3 46.3
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Table B.10: 14 bus Investment Decisions

Asset Type Capacity Investment (MW) Investment Cost ($M)
CBD MFBD MILP CBD MFBD MILP

Lines 570 570 760 2.8 2.8 3.2
Generators 870 870 870 151.6 151.6 151.6
Renewables 270 270 150 32.3 32.3 16.0
Storage 0 0 0 0 0 0
Total 1,710 1,710 1,780 186.7 186.7 170.8

Table B.11: 24 bus Investment Decisions

Asset Type Capacity Investment (MW) Investment Cost ($M)
CBD MFBD MILP CBD MFBD MILP

Lines 825 825 825 4.8 4.8 4.8
Generators 1,850 1,850 1,850 324.8 324.8 324.8
Renewables 545 545 545 58 58 58
Storage 0 0 0 0 0 0
Total 3,220 3,220 3,220 387.7 387.7 387.7

Table B.12: NEM Central Investment Decisions

Asset Type Capacity Investment (MW) Investment Cost ($M)
CBD MFBD MILP CBD MFBD MILP

Lines 0 170 0 0.0 6.6 0.0
Generators 6,600 4,900 6,100 459.4 619.1 872.5
Renewables 2 21,073 18,423 0.1 1,912.9 1,730.5
Storage 64,000 53,200 36,600 482.5 493.3 325.5
Total 70,602 79,343 61,123 942.0 3031.9 2928.4

Table B.13: NEM Step Change Investment Decisions

Asset Type Capacity Investment (MW) Investment Cost ($M)
CBD MFBD MILP CBD MFBD MILP

Lines 2100 170 0 114.8 6.6 0.0
Generators 5,700 5,000 4,850 395.6 466.8 525.1
Renewables 10 23,667 24,603 0.6 1,988.3 2,193.9
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