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Abstract—This paper considers the investment coordination
problem for the long term transmission capacity expansion
in a situation where there are multiple regional Transmission
Planners (TPs), each acting in order to maximize the utility in
only its own region. In such a setting, any particular TP does not
normally have any incentive to cooperate with the neighboring
TP(s), although the optimal investment decision of each TP is
contingent upon those of the neighboring TPs. A game-theoretic
interaction among the TPs does not necessarily lead to this overall
social optimum. We, therefore, introduce a social planner and
call it the Transmission Planning Coordinator (TPC) whose goal
is to attain the optimal possible social welfare for the bigger
geographical region. In order to achieve this goal, this paper
introduces a new incentive mechanism, based on distributed
optimization theory. This incentive mechanism can be viewed as a
set of rules of the transmission expansion investment coordination
game, set by the social planner TPC, such that, even if the
individual TPs act selfishly, it will still lead to the TPC’s goal of
attaining overall social optimum. Finally, the effectiveness of our
approach is demonstrated through several simulation studies.

Index Terms—Distributed Optimization Theory, Incentive
Mechanism Design, Investment Coordination.

I. NOTATIONS AND CONVENTIONS

o Sets

N: Set of nodes.

N_: Set of nodes in region z.

N Set of nodes in region 2’ (i.e. neighbors of z).
G.: Set of generators in region z.

G.n: Set of generators in z connected to node n.
H,: Set of existing transmission lines in region z.
H.,: Set of existing lines in z connected to node n.
H: Set of existing lines shared between multiple regions
K ,: Set of candidate lines in region z.

D,: Set of loads in region z.

D, Set of loads in region z connected to node 7.
Z: Set of regions or sub-networks.
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S: Set of scenarios.
1 used to denote the transpose of a vector or matrix

o Indices

n: Index for the elements of N.

: Index for the elements of G.

- Index for the elements of H and H.
: Index for the elements of K.

: Index for the elements of D.

: Index for the elements of Z.

s: Index for the elements of S.
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o Parameters

xp: Reactance of the transmission line h.

Zy: Reactance of the candidate transmission line k.
Ly Capacity of the transmission line h.

Lj: Maximum expansion capacity for the candidate
line k.

Any (0, h)*" element of the node-to-branch inci-
dence matrix A. The element is 1 when node n is the
sending end of the line h, -1 when it is the receiving
end, and O otherwise.

ws: Weight of scenario, s.

Ty Lifetime of the candidate line k.

r: Interest rate.

P,;: Demand of the dt" load in the scenario s.

Py, P, Lower and upper generating limits of gener-
ator ¢ in scenario s.

ik, jk: Sending and receiving ends of candidate line k
respectively.

1,7, 0app: First and second penalty parameters and
the step-length parameter of the APP iterations, respec-
tively.

o Variables & Functions

P,4: Power generation of generator g in scenario s.
0sn: Node voltage phase angle of node n in scenario s.
u,%: Binary decision variable with 0 for no capacity
expansion and 1 for capacity expansion to the maximum
limit for the candidate line % in region z.

}Ssk: Power flow on candidate line k in scenario s.
P,p,: Power flow on existing line h in scenario s.
Cy(Psq): Cost function of the generator g (typically
convex quadratic or convex cubic), reflecting the fuel
cost and heat rate, for producing power, Pi,.



Ck(ﬁk): Cost of building a new line %k of capacity Ly.
/\‘Z’Z,Z.(h)7 )\Zz,i(h): Dual variable in the Auxiliary Prob-
lem Principle (APP) iterations for consensus on flow
value on the line h shared between regions z and 2z’ at
the iteration count o.

II. INTRODUCTION

HE contemporary electric power network is a complex,

large, and dynamically engineered system. It is old, with
the average age of transmission assets nearly forty years
old. Yet it is constantly evolving to accommodate growing
demand and also to incorporate the new technologies like
renewable generation, modern communication, and demand-
response equipment. The consideration of competitive market
setting for the expansion planning problems makes it even
more complex [5]. As such, the expansions of both the
generation, as well as the transmission infrastructures are of
paramount importance in the long-term planning of power
systems across the world. In this paper, we focus on the problem
of transmission investment, particularly in the situation where
there are multiple transmission planners who do not necessarily
have any incentive to cooperate with each other.

A. Literature Review

Previous work has addressed the generation and transmission
expansion planning problem in a centralized manner. These
studies mainly concentrated on how to develop generation
capacities over a specific time horizon. For example, [11]
assessed how the electric power industry can change and
develop its mix of generating capacities over time according to
the future demand, electricity and fuel prices, future regulations,
and technological costs. In another similar work introduced
by [12], U.S. Environmental Protection Agency (EPA) tried
to provide optimal options for the generation capacity expan-
sion problem. The options include utilizing the demand-side
participation, renewable resources, and traditional generation
capacities in the future. Reference [38] also considered the
effects of customer choices and end-user services on the energy
demand and therefore on the generation capacity expansion
model. In another work introduced by [13] and [21], a capacity
expansion model is solved through three different modules. The
first module is named supply module, which aims to obtain
the cost-efficient investment and operation of electrical sectors.
The second module is a demand module trying to maximize the
levels of investment on end-user devices, while the third module
analyzes the optimal values and key parameters of renewable
generators. A few modules written in Python such as “Switch”
also provide a thorough generation expansion planning method
with regard to the existing dispatch and investment rules for
different technologies. These technologies can include storage
and demand response resources [17].

In a few studies, the authors focused on the problem of trans-
mission and generation expansion planning, simultaneously.
For instance, PyPSA has worked on transmission expansion
based on integer decision variables and big-M relaxations
[3]. Moreover, GenX model defines a generation expansion
planning model considering both investment on centralized and

distributed generation capacities, storage-based and demand-
side technologies [15] and [16]. Additionally, the model takes
into account the transmission network expansion decisions as
well, but on a regional aggregated or commercially significant
constraint basis. In all these studies, the problem of transmission
and generation expansion planning has been defined in a
centralized fashion and prescriptive mode.

In the context of real-world transmission networks, the
problem of generation and transmission expansion is seldom
solved in a centralized manner since the fundamental nature
of the problem is that of decentralized decision-making. In
reality, there are multiple regions and each region has its
separate transmission and generation planner. Each transmission
planner is in charge of solving an expansion planning problem
in its own region. However, the previous literature did not
address the issue of “how to realize the prescriptive expansion
recommendations or what kind of incentivizing schemes to
design in order to convert their results to reality.” There have
been problems of similar nature and mathematical structure to
that of our present problem, which has been solved for different
application domains. For instance, in the area of the Internet
of Things (IoT), IoT devices cooperatively execute tasks in
a decentralized way [14], or [39] put forward an incentive
mechanism in which vehicle users deploy a non-cooperative
game to create service requests, and the system accordingly
guides the best available offloading strategy. Reference [37]
suggested the decentralized routing way for Internet Energy
which maintains a certain utilization rate and facilitates fast
learning from the mechanism.

To resolve the multi-regional issue, some research discussed
the planning problem with multiple transmission planners (TPs)
in different regions using game-based approaches. However, the
main issue related to these approaches is that the problem may
not lead to optimal points for all of the TPs. In this context,
authors of [32] have solved the multi-region transmission
expansion planning problem by applying the non-cooperative
game-theoretic model in a bi-level optimization formulation,
through the use of Nash Equilibrium (NE) solution concept.
As illustrated in that paper, the outcome of such an approach
typically happens to be sub-optimal compared to the centralized
solution where it is assumed that all the different transmission
planners (TPs) merge into one entity. The authors also alluded
to different compensation mechanisms in that reference which
can improve the results. In [30], the authors have mentioned the
interesting effect of “free-riding,” in the context of such non-
cooperative, multi-regional transmission planning, which is the
presence of entities that make benefit out of expansion by others,
without themselves contributing anything. The authors have
studied the impact of this free-riding on congestion revenues. In
the reference [31], the authors have tried to improve the social
welfare as presented in [32] by adopting different solution
approaches, whereas in [33], the multi-regional transmission
planing has been explored in the presence of wind generation
and its associated uncertainty. References [36], [34], and [35]
have explored the transmission expansion planning in the
presence of generation expansion planning considering pro-
active and reactive coordination methods. Reference [29] is
a good comprehensive collection of the work that has been



performed so far in this direction.

It is important to observe that consideration of contingencies

and pre- and post-contingency line flows are important metrics
for the solution of the transmission capacity expansion problem.
For obvious reasons, the inclusion of contingencies increases
the computational complexity of the problem. References
[25], [22], [23], and [24] explored the issue of inclusion of
contingencies in the context of both the deterministic and
stochastic settings as well as prescribed ways to eliminate
umbrella contingency scenarios and expedite the solution
through decomposition methods in their papers.
Closely aligned to this problem is the problem of distributed
optimization in networked cyber-physical system, in an envi-
ronment of very limited information and bandwidth, which is
presented in the work, [20]. Although the previous literature
mostly results in sub-optimal coordination outcome, this paper
introduces a Transmission Planning Coordinator (TPC) that
guides Transmission Planners (TP) with a view towards a
near global social optimum, as much as possible . It is to be
noted, however though, that achieving global optimality is not
the primal aim of this work (this is so because, this problem
has integer decision variables and is solved in a decentralized
manner. Therefore, in principle, achieving global optimality is
presumably impossible); however, this paper tries to:

« Simulate how transmission expansion works in real-world
multi-region settings.

o Come up with a market mechanism that presumably works
better in comparison to non-cooperative game-theoretic
interactions among the regions (in the absence of a social
planner)

Hence, in the present case, we will assume the existence of a
central rule-making agent or market overseeing authority, who
sets the rules of the game, and the individual transmission and
generation asset owners, who independently solve their own
optimization sub-problem.This idea has also been discussed
recently by the Federal Energy Regulatory Commission (FERC)
at their staff-led workshop '.We apply the ideas from the world
of distributed optimization and message-passing frameworks
to motivate the setting up of such a mechanism design scheme.
Introducing the TPC also unlocks a number of new mechanisms
to improve social outcomes, including enabling truth-telling
behavior among participating regions based on Vickrey-Clarke-
Groves auction and the generalization to Vickrey-Clarke-Groves
mechanism. This paper does not elaborate on Vikrey-Clarke-
Groves auction and/or Vickrey-Clarke-Groves mechanism but
takes the necessary step of introducing the TPC to enable further
research. In our work, we have adopted the simplest 50-50 cost
sharing of the new shared transmission lines to be constructed
between two regions. Adopting the VCG mechanism for
inducing truth-telling behavior implies modification of this
cost-sharing and cost allocation to each region in a way to
capture the perceived utilities of all the other regions, by each
region. This is proven to induce truth-telling behavior among
participating regions when it comes to revealing their real

I'See:https://www.ferc.gov/news-events/events/
staff-led- workshop-establishing-interregional- transfer-capability- transmission

preference as to whether or not to build the shared transmission
lines. Our present work opens up avenues for such future work.

In order to motivate the search for an algorithmic framework,
based on which we design our incentive mechanism, we
observe the following characteristics of the present optimization
problem:

o The centralized optimization problem is a mixed integer
programming problem (MIP) since it has discrete binary
decision variables as well as continuous ones. The binary
variables decide whether to build a particular line or not
along a candidate line, and continuous variables pertaining
the generator dispatch and voltage phase angles.

« The bigger problem is split into several regions and the
candidate pathways. Moreover, some existing lines are
shared between two different regions.

o The decision variables corresponding to the shared lines
are also shared among each region and there needs to
be consensus among the values decided by the different
regions.

In order to satisfy the above requirements, we propose a two
staged incentive mechanism design, which consists of the
following stages or layers:

« The first stage, based on Distributed Stochastic Optimiza-
tion, solves for the integer variables and approximately
solves for the continuous variables.

« The second stage, based on Auxiliary Problem Principle
(APP), solves for the continuous variables more accurately,
once the discrete variable values are determined.

For the first stage, we use the algorithm introduced in
[1] for solving Stochastic Unit Commitment problem in a
distributed manner. It is an asynchronous distributed algorithm
for maximizing the Langrangian dual problem of the classic
Unit Commitment (UC) formulation. The synchronous version
of the algorithm was presented in the earlier works [27], [28],
and [26]. In those papers, the authors have determined the
commitment decisions, which are binary discrete variables,
of slow responding generators across different scenarios,
through the use of “non-anticipativity constraints.” Instead of a
scenario decomposition, in our work, we will be performing a
region decomposition. For the second stage of the mechanism
design, we will be making use of the Auxiliary Problem
Principle (APP), which was introduced by Cohen et al. in the
seminal works [9] and [8]. It was subsequently used in power
flow problems for coarse decomposition, both for a region
decomposition in [2], [19], [18], and [10] and for decomposition
across different dispatch intervals and contingency scenarios
in [4], [6], [7].

Reflecting on what was stated, the novelty of our paper can
be summarized as follows:

« Previous approaches have taken a non-cooperative game
theoretic approach. This results in sub-optimal coordina-
tion outcomes. By introducing a TPC, individual TPs
are incentivized to converge towards the near global
social optimum while still following their locally selfish
objectives. This approach has not, to our knowledge, been
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proposed in the context of inter-regional transmission
planning.

« Although this paper has been inspired by the BCD method,
it deals with a totally different problem (transmission
expansion planning problem) and the algorithm has
been completely modified to be compliant with the new
application.

« We propose the novel application of APP in which TPs
reach a consensus regarding the flow and voltage angles
of inter-regional shared lines between them.

The rest of the current paper is organized as follows: In Section
IIT we present the centralized transmission expansion planning
for reference and for the sake of completeness. Section IV
presents the mathematical formulation of both the stages of
our distributed algorithmic incentive mechanism design and
the steps thereof. In Subsection IV-A, we will introduce the

first stage of the mechanism with its mathematical model.

In Subsection IV-B, we mention the steps of the first stage
incentive mechanism design. Subsection I'V-C details the second
stage mechanism design model, which is based on the APP
algorithm, while Subsection IV-D walks us through the steps
of the second stage mechanism design. We state the results
of numerical simulations in Section V and in Section VI, we
draw some concluding remarks, while pointing to the future
research directions.

III. CENTRALIZED COORDINATION (BENCHMARK)

The centralized coordination of transmission investment
is modeled in (1) to create a benchmark for the distributed
coordination algorithm. In the centralized version, the TPC
minimizes the total operations and investment costs in all
regions. The model presented here is a slight modification of
the one presented in [32]:

DD D wsCylPy)

2€Z s€S geG,

+ Z Z Uszk(ﬁk)ir(l o)

min
Psg sUzk

(la)
T, _
z€Z keK, (1 +7’) * 1
Subject to: Z Py, — Z Py =
gern deD;p
z A(n,h) Py, + Z Psk - Z Psk
h€H,,, k€K, ir=n keEK.,jr=n

Vze€ Z,Vse S,VneN, (1b)

1
Py, = ;h Z A(n,h)esnavz € Z,VS € Sth €eH. (o
neN

1 ..
Psk: = Uzkf(esi - esj)a kE— (27.7)
Tk

Vze Z,Vse S,Vk € K, (1d)
L, <Py, <Lp VzeZ\NseS,VheH,
(le)
—wupLly < Py < usply, V2 € Z, Vs € S,Vk € K,
(1)
P, ,<Py<Py VzeZV¥scSVgeG, (lg

uyg € {0,1}, Vz € Z,Vk € K, (1h)

In the objective function, the first term is the expected
operational cost and the second term is the total investment
amount taking into account the interest of the transmission
investment cost. Constraint (1b) represents the power balance
for each node. Constraints (1c) and (1d) define line flows for the
existing lines and the candidate lines, respectively, while (1e)
and (1f) define the line flow limits for existing and candidate
lines, respectively. The last two constraints are for generation
limits and for permissible values that the binary variables for
constructing new lines can assume.

IV. DISTRIBUTED COORDINATION MECHANISM

In this section, we present the design of a novel two-stage
incentive mechanism. The first stage is based on, and inspired
by the Distributed Stochastic Mixed Integer Optimization and
the concept of scenario decomposition. We extend the idea
of a “scenario decomposition” to “area decomposition.” The
outcome of the first stage determines the investment decisions
as to whether or not and where to invest in building new
transmission lines. It also gives us the approximate values of
tie-line flows and generation values.

A. Mathematical Model of Stage I Mechanism Design

For the first stage, we present an algorithmic incentive
mechanism design based on the asynchronous distributed
algorithm presented by the authors in [1]. In constraint (2d), M
is a large number. The purpose of this constraint is to linearize
the constraint (1d) in Section III, which is non-linear due to
the presence of product terms.
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Non-Anticipativity Constraints
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The region-decomposed Lagrangian dual of the above opti-
mization problem is stated below in mathematical expressions
(3a)—(3c). This set of problems is solved by the different TPs
while being coordinated by the TPC. The penalty cost appearing
to the right of < plays the pivotal role of motivating the TPs
to perform such calculations and report the updated variable
values to the TPC.
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If all the generator cost curves are considered as linear or
piece-wise linear, then both (3b) and (3c) are simply Mixed
Integer Linear Programming (MILP) problems, for which there
exist standard algorithms for solving.

B. Steps of Stage I Mechanism Design

We will now state the steps of our algorithmic incentive
mechanism. These are very similar to the ones that appear
in [1], with the only significant differences being instead of

=P Pricing signal

=P Tentative line construction decision

Transmission
Planner 1

Transmission
Planner 4

(TP 4)

Transmission
Planner 2
(TP 2)

Transmission
Planning
Coordinator

(TPC)

Transmission
Planner 3

(TP 3)

Fig. 1. Illustration of the incentive mechanism as applied to transmission
expansion planning

scenario decomposition, we do a region or area decomposition
here. In our mechanism formulation, we will apply the Block
Coordinate Descent (BCD) method to reach the consensus
regarding the decision to build new transmission lines. The
following are the steps of the algorithmic incentive mechanism
design:

e« Each TP of region =z evaluates its own
fao(mv®) py(z) 5”(2)) based on its current updated
rewards/penalties for consensus that it receives from the
TPC.

e Each TP passes to the TPC, the calculated
optimizers  from its own optimization = sub-
problem. The TPC evaluates fo (T2, fhasy Exs)s

Uk7IPskaP h’¢sz(k)’¢3](k)7¢% h)’¢€j(h) (Wthh are the

minimizers of fg(ﬂz,,uzs,ﬁzs)) fo(mv®) uy(z) EV(Z))
P, uly.
« Based on the optimal decision variable values from the

last step, the TPC updates the rewards/penalties according

to:

o
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o« Each TP computes a lower bound on its objective
function by relaxing the integer variables and passes
on this information to the TPC, which also computes
its lower bound. It then adds up all the regional lower
bounds for the current iteration as follows:

LBrew = LBO(’]era ﬂzsa fzs) +



ZzEZ LBZ (WU(Z)7 :U/Z(Z)a €£Z))
o Each TP updates the above and passes them to the TPC,
in response to which, the TPC does the following:

Step 1: updates values of rewards/penalties (dual vari-
ables) @+ (@) M:(Z)Jrl, /JZ 2)’ gg(Z)Jrl’ 5:(2)'
Step 2: updates iteration count v(z) := v(z) + 1
Step 3: calculates new lower bound of objective.
Step 4: calculates fo(m*(), ut ), ¢(*))

o This step is for the primal recovery. In this step, each
TP fixes the right hand side of the non-anticipativity
constraints to the optimal values of the left-side, like
up = uy, from the last iteration and evaluates the
optimization problem for only the TPC and its own region.
Let’s call the optimum, for each region as upper bound
and indicate it as U B, and for the TPC, as UBTPC Tt
then conveys this information to the TPC.

o The TPC determines the global UB as
min{UBIP°} + 3 _, UB,

o The TPC terminates the algorithm when 1 — (LB/UB) <
€, where ¢ is a predecided tolerance and/or, when consen-
sus is reached.

UB =

This algorithm is an asynchronous counterpart of a previously
presented algorithm in [26], [28], and [27]. In all these previous
references, the decomposition has been carried out across
different scenarios among the shared variables (which happened
to be the decision variables for switching states of slowly
responding generators in the context of solving Stochastic Unit
Commitment problem). Eventually an attempt is made to reach
a consensus regarding the optimal values. Block Coordinate
Descent (BCD) is an approximate method, provided that the
error in the subgradient is bounded, and the stepsize in the
algorithm is diminishing [1]. In this situation, the algorithm
converges to an approximate solution of its dual problem if
the original problem is convex (and if not, the dual gives a
lower bound). Thus, in the proposed application, it is expected
that when the algorithm converges and the error is bounded, it
leads to the approximate optimum.

C. Mathematical Model of Stage II Mechanism Design

The second stage of the mechanism is based on “Auxiliary
Problem Principle (APP),” which decides the generation values
and the tie-line flows more accurately (if the accuracy in the
first stage for these is not high enough). Let us first focus on the
problem instances (3c) which are the area decomposed versions
of (2) with some modifications. In order to consider the inter-
region transmission expansion, or the horizontal coordination as
well as the existing lines shared between two different regions,
it is necessary to calculate the flows on these existing and
potential shared lines. In the previous section the algorithm
presented helps us determine which candidate lines will actually
be considered for constructing new transmission lines as well
as determining the first-order approximation of flows on both
the existing lines as well as the “to-be-constructed lines.” Once
we have reached a consensus regarding the optimal values of
the discrete decision variables in the second stage, we explicitly
solve for the continuous variables. Our goal here is to come up

Existing shared lines
P Candidate shared lines
o \.) Fictitious generators

Region i Region j
Region i :_. :-_ Region j
ok GO T B L
Noou/

Fig. 2. Illustration of the APP layer of the incentive mechanism: centralized
problem

with an incentive mechanism design such that the individual
TPs are incentivized to act in a way that reaches the global
optimum of the above-mentioned problem. In order to achieve
this end it is important that each TP reach consensus about the
flows on the shared lines. This is achieved with the Auxiliary
Problem Principle (APP) layer of the incentive mechanism.
We assume each of the shared lines belonging to each region
is replaced by a fictitious generator as shown in Fig. 2. In
Fig. 2 we have shown part of a power system network which
is split into two regions on the two sides of the solid and
dashed lines. There are two shared transmission lines, one
existing (the solid line) and one candidate line (the dashed one)
shared between the two regions. These two shared lines are
notionally replaced by four generators—two for each line. The
dashed generators represent the candidate transmission line and
the solid generators are the ones for the existing transmission
line. When the original centralized optimization problem is
decomposed across the different regions, the flows on each
line are treated equivalently to the outputs of these fictitious
generators. However, each TP has to have some belief about
the value of the shared variables and also about what the other
TP’s beliefs are about those respective variables. The APP
iterations attempt to reach a consensus on those beliefs.

Let us consider a line h € H shared between two regions, 21
and z9. The beliefs regarding the values of the node voltage
angles at the two ends of the lines are as follows:

o 0., i(n): Belief of 21 about the voltage phase angle of the
node belonging to itself

e 0., j(n): Belief of z; about the voltage phase angle of the
node belonging to zo

o 0., in): Belief of 25 about the voltage phase angle of the
node belonging to itself

o 0., j(n): Belief of z; about the voltage phase angle of the
node belonging to z;

Ideally ezl,i(h) 922,j(h) and 922,i(h) = ezl,j(h) must
be satisfied Vh € H. However, this need not necessarily
be true at the end of the algorithmic incentive mechanism
computations introduced in Section IV. The optimization
problem formulations stated below describes the APP iterations



to achieve the consensus between the beliefs regarding the
voltage phase angles and consequently the flows on the shared
lines.

Jgslgi% (Z Z wng(PSQ)
seS geG,
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D. Steps of Stage Il Mechanism Design

In the incentive mechanism design we assume the presence
of a TPC as before. For example, in Europe the TPC is ENTSO-
E. In North America, the closest entity to a TPC is FERC. This
entity sets the penalty and designs the market rules, in order to
incentivize the individual owners of transmission sub-network,
to act in a way that solves the problem (4). In the following
section we will explicitly state the steps or the rules of the
second stage of the incentive mechanism design. In this stage
each TP solves for the continuous variables more precisely.
The steps of this stage of the mechanism can be described as
follows:

« Each region z € Z receives the values of the previous
beliefs of voltage phase angles of the other node of the
shared lines belonging to the adjoining regions, from the
TPC. Regions z also receive the previous updates of the
rewards/penalties, which are the Lagrange Multiplier or
dual variable values (9;’,)i(h), GZ,’j(h) in (4)).

« Each region independently solves the optimization prob-
lem (4a)—-(4g) and broadcasts the optimal decision variable

200 $/MWh Pmax = 3000 MW Pmax = 3000 MW
Pmin =0 MW Pmin = 0 MW
50 $/MWh 7 Oy
@_ - 150 MW, Ox - _@10 $MWh
1800 MWh Region 1, Region 2,
TP 1 TP2 w1 0ad2 = 500 MW
Loadl = 2000 MW « 1350 MW, x o

<

200 ¥MWh _ pmax = 3000 MW Pmax = 150 MW Pmax - 3000 MW
Pmin=0 MW Pmin = 150 MW Pmin =0 MW
50 $/MWh @_ @ @ @10$wah
1800 MWh Region 1, Region 2, '
TP 1 TP2 _
Load] = 2000 Mw = @ @ =P Load2 = 500 MW
| 3

W\ Pmax = 1350 MW ,"l
\“\ Pmin = 1350 MW I v

Transmission Planning
Coordinater (TPC)

Fig. 3. Two-region power system for comparison between game-theoretic and
mechanism design results

values of its own voltage phase angles of the nodes of
the shared lines to the TPC.

e The TPC calculates the rewards/penalties (Lagrange
multipliers) by solving constraints (4h)—(4i) and sends
the updated values to the respective regions.

o The TPC stops the process when (9:{&) — Qg,zl(h))z +

(ng(lh) - 0?&1 h))2 < espp for all the pairs of regions
and all the shared lines, where € 4 pp is the predetermined
APP tolerance.

E. The Proposed Organizational Set-up

In summary, this paper suggests the following set-up:

o Step 1: the TPC announces the incentive mechanism for
stage I and asks the TPs to submit their candidate lines
for inter- and intra-regional planning.

o Step 2: the TPC solves its optimization problem in stage
I and sends the penalty and rewards to TPs.

o Step 3: TPs correct their decisions based on the penalty
and rewards they have received. The new decisions are
sent to TPC

o Step 4: the TPC iterates between Steps 2 and 3 to reach
a consensus.

o Step 5: Once the consensus is reached the inter- and
intra-regional planning results will be published. The
TPC announces the incentive mechanism for stage II and
the same steps as stage I are run for the second stage.
Finally, with the final results, TPs can start constructing
the planned lines.

V. NUMERICAL RESULTS
A. 2-region System

In this sub-section, an illustrative two-region power system
is considered to present our novel mechanism design compared
to a game-theoretic design. For the system shown in Figure 3,
Tables I and II provide the system details. The line along the
candidate line is constructed iff both TP-1 and TP-2 think that
the line should be constructed. We have considered here two
cases. In the first case, the total investment cost is $2000 and is



TABLE I
THE DATA OF THE TWO-REGION SYSTEM
Parameter Region-1 Region-2
Gen. Range (MW) 0-3000 0-3000
Gen. Cost ($/MWh) 50 for 0-1800 MW 10
200 for 1800-300 MW
Load (MW) 2000 500
First-case Investment ($) 1000 1000
second-case Investment ($) 20000 20000
TABLE 11

SHARED LINES OF TWO-REGION SYSTEM

Parameter Existing  Candidate
Capacity (MW) 150 1350
Reactance (pu) 9X X

shared equally between TP-1 and TP-2 if the line is constructed.

The two-player cost matrix for the game of strategic interaction
between TP-1 and TP-2 in this case is shown at the top of
Fig. 4. The numbers shown are the costs faced by the individual
regions. The numbers 1 and O represent the decisions to build
and to not build the transmission line by each of the players,
respectively. The social cost for the (1,1) entry is $47000,
whereas for each of the other three boxes is $378500. Hence,
the box that is in orange (corresponding to the transmission
line being built) is clearly the social optimum (SO, or Pareto
optimum). The game-theoretic Nash Equilibrium (NE) are the
boxes in green, and we can see that there are two of them.
In the second case, we consider the situation where the cost
for building the new line is $40000 which is shared equally
among the two players. If one player decides to build the line
when another one does not, then the player who decides to
build the line bribes the other one in the hope of changing

their mind in the future. The cost matrix for such a game is
shown at the bottom half of Fig. 4. Here, the SO is still the box
(1,1), whereas now there is only one NE in box (0,0). In both
the cases examined, the SO and NE are not the same strategy
combination. This is a serious drawback of the game-theoretic
interaction, which our mechanism attempts to resolve.

In order to show how our mechanism can help resolve
the diffrence between SO and NE, we now refer to the
modified model of the system shown in the bottom half of
Fig. 3. In this diagram, we have introduced the TPC with the
green lines representing the message exchange pertaining to
the rewards/penalties and tentative decisions for building the
lines. The shared lines have been split up and represented as
virtual generators, with the line capacities for forward and
reverse flows acting as generating limits and the investment
cost can be interpreted as the start-up cost of these fictitious
generators. The mechanism is implemented in different steps
or iterations. Before the start of each round or iteration of
the mechanism, the TPC broadcasts the most recent estimate
of the rewards or penalties (m, g, 1ty respectively refer to
the rewards/penalties associated with the non-anticipativity
constraints for consensus for decision to build transmission
line, flow on the candidate line, and flow on the existing shared
line). Each region then solves its own optimization problem
(calculating u*, Py, Py, Py, which respectively refer to the
integer variable for decision to build transmission line, flow
on the candidate line, flow on the existing shared line, and
the generator output) and relays its tentative decision to the
TPC, following which the TPC updates the rewards/penalties.
This goes on until consensus is reached. At the beginning of
the first iteration, all the rewards/penalties are set to zero. The
details of each step are shown in Table III: As we can see from

TABLE III
ITERATES OF THE INCENTIVE MECHANISM

TP2
1 0
TP1
$ 21000 $ 6500
1
$ 101000 $ 400000
$ 6500 $ 6500
0
$ 400000 $ 400000

Game Matrix for $2000 transmission cost and no bribing

TP2
1 0
TP1
$ 40000 $-33500
1
$ 120000 $ 440000
$ 46500 $ 6500
0
$ 360000 $ 400000

Iterates Iter-1  Iter-2 Iter-3 Iter-4
uTPT* 1 1 1 1
PP 1350 180 180 1350
pIPLx 150 20 20 150
PP 500 1800 1800 500
uTPZ 0 0 1 1
PTPZ 0 -1350  -1350
PTPZ 0 -150  -150
pTP 500 500 2000 2000
uMO* 0 1 1 1
pMO* 0 1350 1350 1350
pMO= 0 150 150 150
n T PLx 1 1 1 1
puFrLx 1350 180 -990 -990
pEPL 150 20 -110  -110
nTP2x 0 -1 -1 -1
Pz 0 1350 1350 1350
uFrzE 0 150 150 150

Game Matrix for $40000 transmission cost with bribing

Fig. 4. Game matrix for two-region power system

(1-UB*/LB*) -0.01 1578 0.0002 0

Table III, indeed our proposed mechanism reaches the social
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Fig. 5. The multi-regional system considered for the simulation

optimum and the finally settled values of the rewards/penalties
are precisely the incentivizing factors needed to force the
behavior of each TP away from the NE and towards the SO.

B. Generalized/Multi-region System

In Fig. 5, we have considered a bigger system, which
consists of three regions. Regions 1, 2, and 3, respectively are
the IEEE 14-, 30-, and 5-node systems. The red lines are the
inter-regional shared candidate lines, the blue lines represent
the intra-regional candidate lines, and the black ones are the
existing shared lines.

We apply the stage-1 incentive mechanism design algorithm
for 1000 iterations in order to illustrate the trend and variations
of the convergence curve. We get the convergence at the
85th iteration as illustrated in Fig. 6. The convergence curve
indicates the difference between the low and high bounds of
the distributed problem. Fig. 6 explains that the convergence

curve gradually reaches a stable value after 500 iterations.

The big spikes in the convergence curve, for example, the
ones happening at iterations 123, 195, 335, and 456 indicate
the discrepancy between the binary decision of building the
fourth line. They state that the decision of the TPC does
not match those of TPs. The smaller oscillations refer to a
minor disagreement in the operational decisions. They can
be disregarded since their domain is relatively small and the
aim of the first stage is to determine binary decision variables
related to the candidate lines’ constructions.

Convergence Curve (First Stage)

06 F
05 ‘

03 - | ‘

Convergence Criteria

02 ““
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Fig. 6. Variation of convergence criteria for the first stage according to
iterations
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Fig. 7. Variation of convergence criteria for the second stage according to
iterations

According to the given system, Region 2 has a high load, and
expensive generation whereas Regions 1 and 3 have low and
moderate loads with cheap and moderately cheap generations,
respectively. We have observed that in this situation, the optimal
decision is to build candidate line 4 which is shared between
Regions 1 and 2.

In addition, Fig. 7 shows the variation of the convergence curve
for the second stage. We have initialized variables to zeros.
Hence the convergence starts with a small value. After almost
1000 iterations, all TPs reach an agreement on the operational
variables. The obtained convergence criterion is equal to 0.012.
Finally, Table IV compares the intra-regional candidate de-
cisions considering centralized and the proposed distributed
models. Correspondingly, Table V compares the inter-regional
candidate decisions when the results are determined by the
centralized and the proposed distributed methods.

We should note that the centralized framework is just a
mathematical benchmark in our paper and it does not exist
in the real-world situations. In real-life situations, some level
of coordination always exists. In our paper, we suggest an
optimization-based coordination for the investment coordination
problem. We have shown that our mechanism can reach a close-



to-global solution as compared to our theoretical benchmark
model. At our close-to-optimal solution, each TP receives a
share of total social welfare which is optimal for the whole
inter-connected system. Hence, it will achieve a solution close
to the original optimal solution. The error is mainly due to the
non-convex nature of the whole optimization problem.

We have run this simulation on a desktop computer using Julia
programming language with JuMP optimization interface and
with several different solvers (for the first stage we have used
MILP solvers such as Gurobi, HIGHS, GLPK, and for the
second stage which is a Quadratic Program (QP) we have used
solvers such as Gurobi and IPOPT). Codes are available to be
run and verified at http://github.com/sambuddhac/Horizontal_
Proper.

TABLE IV
INTRA-REGIONAL CANDIDATE LINE CONSTRUCTION DECISIONS
Mechanism  Region-1 Region-2 Region-3
Centralized 10 1,10,11,14,16 -
Dist. Mech. - - -
TABLE V

INTER-REGIONAL CANDIDATE LINE CONSTRUCTION DECISIONS

Mechanism  Region-1  Region-2  Region-3 TPC  Decision
Centralized 4 4.5 5 4,5 4.5
Dist. Mech. 4 4 - 4 4

VI. CONCLUSION

In this paper, we have addressed the important problem
of transmission investment when there are multiple regions
and new lines built between them. We have proposed a two-
staged incentive mechanism design consisting of a region-
decomposed distributed Lagrangian method. In our numerical
study, we have analyzed an illustrative two-region network and
a larger and more general three-region system. The two-region
network results intuitively analyzed and validated our incentive
mechanism approach, which includes a TPC, compared to
the game-theoretic Nash equilibrium approach that does not
have a TPC [31, 32, 36]. We showed that our proposed
incentive mechanism indeed reached the Pareto optimal solution
which is also the socially optimal solution. For the three-
region case, we implemented our proposed mechanism design
in a computational framework to simulate the mechanism
performance. We presented the convergence characteristics
of both the stages of our mechanism and discussed the results.
Future research steps include:

« integrating our model with generation expansion and con-
sider policies such as capacity reserve margin, renewable
portfolio standard and emissions margin.

o including (N — 1) contingency criteria within our trans-
mission expansion planning problem.

« including temporal variation, inter-temporal constraints,
and time-domain reduction.

As a limitation of implementing the proposed algorithms,
one challenge would be related to defining the appropriate

stepsize in the first and second algorithms in order to help
the convergence of the algorithm and avoid unbounded error
as well as a compromise between the computational costs
and accuracy of the final solutions. This issue can be further
analyzed and resolved in future research.
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