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a b s t r a c t
This paper addresses the problem of centralized optimization of an interconnected power system partitioned into several regions controlled by different transmission system operators (TSOs). It is assumed
that those utilities have agreed to transferring some of their competencies to a centralized control center,
which is in charge of setting the control variables in the entire system to satisfy every utility’s individual
objective. This paper proposes an objective method for centralized optimization of such multi-TSO power
systems, which relies on the assumption that each TSO has a real-valued optimization function focusing
on its control area only. This method is illustrated on the IEEE 118 bus system partitioned into three TSOs.
It is applied to the optimal reactive power dispatch problem, where the control variables are the voltage
settings for generators and compensators. After showing that the method has some properties of fairness,
namely freedom from envy, efﬁciency, accountability, and altruism, we emphasize its robustness with
respect to certain biased behavior of the different TSOs.
Ó 2009 Elsevier Ltd. All rights reserved.

1. Introduction
Several large-scale disturbances emphasized that secure operation of interconnected power systems requires coordination between transmission system operators (TSOs). In particular, Refs.
[1,2] report two major disturbances whose consequences were
leveraged by the lack of coordination between the TSOs.
To address the problem of coordination in multi-TSO systems,
two main trends have arisen [3,4]. On one hand, ad-hoc decentralized control schemes have been proposed, as in [5,6] for example.
On the other hand, efforts have been made to create higher-level
entities, which would be in charge of coordinating operation over
very large geographical areas. By way of example, the potential
beneﬁts of a centralized control center (CCC) to make decisions
for multi-TSO systems are emphasized in [7].
It is, however, expected that, even with the creation of a CCC,
every TSO will preserve some prerogatives of its own system operation. More speciﬁcally, operational objectives are likely to remain
deﬁned by the TSOs since they may be inﬂuenced by local topology, system architecture, generation capacity, or reliance on traditional engineering practices [8]. In this context, prior to agreeing to
transferring some of their competencies to a higher decision level,
the TSOs may require some guarantees regarding the fulﬁllment of
their own objectives by the CCC, which may be a conﬂicting issue,
as satisfying the objective of a single TSO may adversely affect
* Corresponding author.
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other TSOs. As introduced in [9], this ability of the optimization
scheme to satisfy the needs of every party is equivalent to the fairness of the optimization scheme.
Negotiation is usually advocated to reach a fair solution for
multi-party resource allocation problems [10]. In the case of multi-TSO operation issues, as the optimization scheme should handle
short-term operation, negotiation can not be considered a suitable
solution. However, the choice of a multi-TSO optimization procedure that would satisfy every party may be subjected to negotiation between the different TSOs.
Several procedures have already been proposed for multi-objective optimization. Most are based on a weighting of the different
objectives, as in [11,12], for example, or on a priority given to the
objectives, as in [13], where some of the objectives are considered
as constraints in the optimization procedure. Those strategies may,
however, not be acceptable for every party as they depend on an
arbitrary prioritization between the different objectives. Other
methods are based on iterative choices made by a central entity,
as in [14]. This strategy is also inappropriate for multi-TSO operation, as the arbitrary choice at each iteration could be questioned
by the different parties.
In this paper, we propose a new scheme, that could be used by
the CCC to solve multi-party optimization problems, when the
objective of every TSO can be represented by a real-valued function. The scheme relies on the formulation of the problem as a multi-objective optimization problem and picks a solution that could,
at least in principle, bring consensus among the different TSOs.
Indeed, besides the fact that the solution minimizes a speciﬁc
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distance from the utopian minimum in a normalized multi-dimensional space, we show that it has some properties of fairness. In
addition, we also show that the scheme is robust with respect to
certain biased behavior by the different parties.
The paper is organized as follows: Section 2 deﬁnes the multiobjective problem and presents the illustrative example. In Section
3, we propose a normalization of the multi-objective problem and
a procedure for identifying the best solution in the normalized
space. Section 4 shows that the scheme has some properties of fairness in the sense of economics, while Section 5 analyzes certain
biased behaviors, which can be adopted by the TSOs to turn the
optimization scheme in their favor. Finally, some opportunities
for further research are outlined in Section 6.
2. Centralized optimization of a multi-TSO system
In the ﬁrst part of this section, we describe the multi-objective
problem faced by the CCC, and introduce some useful notations.
Afterward, the illustrative example is presented.
2.1. Formulation of the problem
We focus on a system partitioned into NbTSO areas, where each
area i is controlled by a single TSOi . Each TSOi is assumed to have its
own objective expressed by an objective function C i ðuÞ, where u is
the vector of control variables for the entire system. Although an
objective function may be of non-economic nature, it will also be
referred to hereafter as ‘‘cost function.”
In this paper, we assume the existence of a CCC that aims to assess the optimal control vector u , which is deﬁned as the solution
of the following constrained multi-objective optimization problem

min½C 1 ðuÞ; C 2 ðuÞ; . . . ; C NbTSO ðuÞ
u

ð1Þ
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subject to

gðuÞ ¼ 0

ð2Þ

hðuÞ 6 0

ð3Þ

where gðuÞ ¼ 0 represents the equality constraints, and hðuÞ 6 0
represents the inequality constraints. From now on, the set of solutions u such that u veriﬁes Equality (2) and Inequality (3) will be referred to as U.
The cost associated with a control vector u can be represented
in a NbTSO-dimensional cost space by a vector ½C 1 ðuÞ;
C 2 ðuÞ; . . . ; C NbTSO ðuÞ. A solution un is said ‘‘non-dominated” if there
exists no other solution u 2 U such that 8i 2 ½1; 2; . . . ; NbTSO,
C i ðuÞ 6 C i ðun Þ. In the NbTSO-dimensional cost space, the set of
non-dominated solutions represents the Pareto-front of the multi-objective problem. It is commonly adopted in the multi-objective optimization literature that the solution of such a problem
should be on or as close as possible to its Pareto-front [15].
Consequently, should the Pareto-front be reduced to a single
element, the solution of the arbitrage made by the CCC would then
be this element. Indeed, in such a particular context, there would
exist a solution that minimizes every single objective at once.
However, in general, the Pareto-front is composed of many elements (possibly an inﬁnite number of them) and the CCC must
choose one of those elements. In this paper, the arbitrage problem
to which the CCC is confronted is therefore the problem of selection of the fairest solution on the Pareto-front.
2.2. Illustrative example
As a benchmark system, we use the IEEE 118 bus system partitioned into three areas, referred to as TSO1 , TSO2 , and TSO3 . This
system is presented in Fig. 1.

Fig. 1. IEEE 118 bus system with three TSOs.
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3

functions of its own system state, deﬁned by uTSOi . After receiving
the information from every TSOi on its objective and constraint
functions C^i ðuTSOi Þ, g^i ðuTSOi Þ, and h^i ðuTSOi Þ, the CCC deﬁnes the multi-objective problem (C i ðuÞ 8i 2 ½1; 2; . . . ; NbTSO, gðuÞ, and hðuÞ),
and, afterward, faces the problem of electing the fairest solution
on its Pareto-front.
The proposed approach relies on ﬁnding a solution as close as
possible to the ‘‘utopian minimum” C ut deﬁned in [22] as

u

C ut ¼ ½C 1 ðu1 Þ; C 2 ðu2 Þ; . . . ; C NbTSO ðuNbTSO Þ

2

u

1

ð5Þ

where ui is the solution of Problem (6), which optimizes the entire
system with the unique objective C i ðuÞ under constraints (2)–(3),
that is

u

ui ¼ arg min C i ðuÞ

ð6Þ

u2U

Fig. 2. Representation of the Pareto-front for the IEEE 118 bus system with three
TSOs. C 1 ðuÞ, the objective function of TSO1 , represents reactive power support in
area 1, C 2 ðuÞ is a weighted function of active power losses and reactive power
support in area 2, and C 3 ðuÞ represents active power losses in area 3.

The proposed methodology is applied to a multi-TSO reactive
power dispatch problem, which is a particular type of optimal
power ﬂow. In such a context, the load demand and the active
power generation pattern are considered known. We use a decentralized slack bus in our simulations, which may slightly change
the generation dispatch depending on active power losses. Every
element u 2 U is composed of the generators’ output voltages,
the capacitor banks’ or FACTS’ reactive power injections and the
tap settings. To model a real system, some of those control actions
should be discrete variables, as in [16], for example. However, as
the use of discrete and continuous variables would result in a
mixed-integer non-linear programming problem, whose solution
may be difﬁcult to compute, we have considered only continuous
control variables in our simulations.
Equality (2) represents the load ﬂow equations and constant active power export, while Inequality (3) corresponds to the limits on
voltage magnitude at each bus as well as reactive power injections
for every generator or compensator.
In real systems, every TSOi may have an objective of a different
nature. We consider in this paper three types of cost function.
, the minThose are the minimization of active power losses P Losses
i
imization of a quadratic sum of reactive power injections
P
P
and j2TSOi Q 2j . Such
( j2TSOi Q 2j ), and a linear combination of P Losses
i
formulations of the objectives are commonly used in the literature
to describe operational objectives of TSOs (see for example [16–
19]) but others, like transmission capacity or voltage stability margin, could also be used [20,21]. Those three types of cost function
can be represented by the following objective function
Losses
ðuÞ
i Pi

C i ðuÞ ¼ c

þ ð1  ci Þ

X

Q 2j ðuÞ

ð4Þ

j2TSOi

where ci 2 ½0; 1 is the weight coefﬁcient for area i. In our example,
c1 is equal to 0, c2 to 0.9 and c3 to 1. The Pareto-front of our illustrative case is represented in Fig. 2.

The approach is based on the following principle: should a ‘‘utopian minimum” exist, it would then be chosen as the solution since
everyone of TSOs’ objectives are minimized with that solution.
However, we know that, except if the Pareto-front is reduced to
a single element, there is no u 2 U that corresponds to the ‘‘utopian
minimum.” Therefore, we choose the solution u 2 U that minimizes the distance  related to an Euclidean norm after having
normalized the cost functions  with the ‘‘utopian minimum.”
The procedure for normalizing the cost functions is presented in
Section 3.1. Section 3.2 describes the procedure for computing the
solution that is closest to the utopian minimum in the normalized
space. Finally, the approach is illustrated in Section 4 on the IEEE
118 bus system partitioned into three TSOs.
3.1. Normalization
We explain hereafter the normalization process that can be
adopted to obtain a fair arbitrage. Its rationale is twofold. First,
every local objective can have a different nature (e.g., minimization
of active power losses, maximization of reactive power reserves,
etc.). This problem should naturally be addressed by the normalization process. Second, it also makes sense to normalize the cost
functions to penalize the TSOs whose objective fulﬁllment is detrimental to other TSOs’ objectives and favor those whose objectives
are particularly compatible with the others.
For a particular cost function C i ðuÞ, the normalization factor will
be the product of the two terms C i and vi . The normalized cost
function C i ðuÞ will thus be computed using the following equation

C i ðuÞ ¼

C i ðuÞ
C i  vi

We note that  since we will pick after normalization a solution
that stands closest to the utopian minimum  a small normalization factor for TSOi will have for effect to give more weight to its
own objective function C i ðuÞ and will then favor it.
The term C i is deﬁned as follows:

C i ¼

NbTSO
X
j¼1

3. A new method to solve multi-party optimization problems
In this section, we propose an approach for electing the point on
the Pareto-front that could satisfy the different parties. We have
designed the optimization procedure as follows: ﬁrst, we suppose
that every TSOi provides the CCC with its objective and constraint
functions C^i ðuTSOi Þ, g^i ðuTSOi Þ, and h^i ðuTSOi Þ, where uTSOi represents
the control variables for TSOi ’s area. The symbolˆ on C i , g i , and hi
speciﬁes that, since a TSOi does not systematically know the system topology, generation pattern, and load demand in the other
areas, it can only formulate its own objective and constraints as

ð7Þ

C i ðuj Þ  C i ðui Þ
NbTSO

ð8Þ

It has been introduced for two main reasons. First, it is expressed in the same unit as C i ðuÞ and will therefore make possible
the comparison between objective functions having different natures. In particular, it will make our approach independent of any
scaling factor that may affect the different cost functions C i ðuÞ. Second, the term C i will also favor a TSO whose objective fulﬁllment is
weakly penalized by the fulﬁllment of the other objectives. Indeed,
C i being the average value of the overcosts1 supported by TSOi for
1
The term ‘‘overcosts” refers, in this paper, to the difference between the actual
costs C i ðuÞ and their minimal value C i ðui Þ.
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the NbTSO control variables u1 , u2 , . . ., uNbTSO , this term will be particularly small if the overcosts induced by other objective fulﬁllments
C i ðuj Þ are small.
The term vi is deﬁned as follows:

vi ¼

NbTSO
X

C j ðui Þ  C j ðuj Þ

j¼1

C j

ð9Þ

It has been introduced to penalize the detrimental impact of
TSOi ’s objective achievement on the other TSOs’ costs, represented
by the term C j ðui Þ  C j ðuj Þ. We note that this difference term is divided by C j . Thus, this division allows to sum up overcosts having
different natures. Also, this normalization aims to leverage the
penalization that TSOi endures when its optimal control variables
are detrimental to the objective of another TSOj , which is itself
compatible with the other TSO’s objective.
By anticipating the results of Section 4, we ﬁnd that, by using
the normalization factor C i  vi , the solution of the arbitrage has
some properties of fairness in the economic sense.
3.2. Optimization of the normalized problem

Table 2
Values of the different costs C i ðuÞ and normalized overcosts C i ðuÞ  C i ðui Þ for every
solution uj of the single objective optimizations and for the solution u of the
centralized decision making scheme. Values of C i and vi for TSOi are also reported.
i¼1

i¼2

i¼3

C i ðu1 Þ
C i ðu2 Þ
C i ðu3 Þ

4.36
1381.00
1278.28

134.82
34.64
302.00

44.40
47.97
37.92

C i

vi

883.52
1.99

122.51
3.38

5.51
3.62

C i ðu1 Þ  C i ðui Þ
C i ðu2 Þ  C i ðui Þ
C i ðu3 Þ  C i ðui Þ

0
0.7815
0.7232

0.2418
0
0.6453

0.3245
0.5032
0

C i ðu Þ
C i ðu Þ  C i ðui Þ

20.01
0.0089

37.7
0.0071

38.13
0.0106

u

3

u

As mentioned earlier, our approach will elect the solution u , for
which the cost vector Cðu Þ minimizes (in the normalized cost
space) the Euclidean distance to the ‘‘utopian minimum” under
Constraints (2), (3). This problem can be formulated as follows:

u ¼ arg min
u2U

NbTSO
X

ðC i ðuÞ  C i ðui ÞÞ2

ð10Þ

i¼1

Solving this problem is indeed equivalent to ﬁnding the point
on the Pareto-front that minimizes the distance to the utopian
minimum. As a proof, suppose that u is not on the Pareto-front
but solution of (10) under Constraints (2)–(3). Then, there would
exist a solution u0 such that C i ðu0Þ 6 C i ðu Þ for every i 6 NbTSO.
In this case, for every area i, we would have C i ðu0Þ 6 C i ðu Þ and
PNbTSO
PNbTSO
 2

 2
6
consequently,
i¼1 ðC i ðu0Þ  C i ðui ÞÞ
i¼1 ðC i ðu Þ  C i ðui ÞÞ .

Therefore, u would not be the solution of (10), and the equivalence is proved.
Table 1 summarizes the procedure for computing, according to
our strategy, a point on the Pareto-front, which could least displease the different TSOs. This procedure implies solving the optimization problem (10) under Constraints (2)–(3). This problem can
be solved using a standard optimal power ﬂow algorithm [23–25].
3.3. Example
The proposed method is illustrated hereafter with the test system described in Section 2.2. Table 2 gives the different costs

2

u
1

u

Fig. 3. Localization of the CCC’s solution on the normalized Pareto-front for the IEEE
118 bus system partitioned between three TSOs. The color mapping represents the
Euclidean distance DðuÞ (in the normalized cost space) between each solution u and
the utopian minimum. (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the web version of this article.)

C i ðuj Þ, normalized overcosts C i ðuj Þ  C i ðui Þ, and terms involved
in the computation of the normalization factors. The bottom of
the table also gives the costs C i ðu Þ and normalized overcosts
C i ðu Þ  C i ðui Þ associated with the solution u of the centralized
optimization scheme. In addition, Fig. 3 represents the normalized
cost vector corresponding to u and the normalized Pareto-front.
As one can observe for this particular example, the solution u
elected by the scheme is close to the utopian minimum.

4. Fairness of the method
Table 1
An algorithm for identifying a fair solution of the multi-objective optimization
problem.
Input: For every TSOi , a real-valued objective function
C i ðuÞ and a constraint vector gi ðuÞ.
Output: A vector of control variables u .
Step 1: For every TSOi , compute ui , solution of:
arg minðuÞ with respect to: gðuÞ 6 0.
u2U

Step 2: Compute the solution u of:
P
 2
arg min NbTSO
i¼1 ðC i ðuÞ  C i ðui ÞÞ
u2U

with respect to: gðuÞ 6 0
ðuÞ
where C i ðuÞ ¼ CCi 
v

i

i

with
and

C i

¼

vi ¼

P

P

C i ðuj ÞC i ðui Þ
j

NbTSO

ðC j ðui ÞC j ðuj ÞÞ
j

C j

.

In Section 3, we have presented a new method for choosing a
single solution of the multi-objective optimization problem described in Section 2. As introduced in Section 1, this method must
have some properties of fairness to be potentially adopted by the
TSOs.
The notion of fairness is doubtlessly subjective [26]. Hence, different arbitrages can be simultaneously qualiﬁed as fair for any given situation, and a fairness analysis must rely on subjective
criteria. As discussed in [27], freedom from envy is an important
property of fairness. In addition, the classiﬁcation proposed by Konow in [28] provides some criteria for assessing the fairness of a
particular allocation, namely ‘‘efﬁciency,” ‘‘accountability,” and
‘‘altruism.” Those criteria have been deﬁned by analyzing experimental data obtained by polling people on their opinions concerning fairness of different types of allocations.
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We assess hereafter whether the optimization scheme proposed
in Section 3 satisﬁes those criteria in the context of reactive power
dispatch in a multi-TSO system.
4.1. Freedom from envy
As introduced in [27], freedom from envy is a necessary condition of fairness for an allocation scheme. Indeed, an envy-free procedure makes no a priori difference between the different parties,
such that no party would prefer to be in the place of another. In
practice, all individual objectives of the TSOs must be treated
through the same procedure, which must not rely on any speciﬁc
information on the TSOs.
This is obviously the case with the proposed approach. Indeed,
since the procedure has been designed independently of any speciﬁc information related to the TSOs, every TSO is equally treated.
4.2. Efﬁciency
According to Konow, an arbitrage can not be qualiﬁed as fair if it
is poorly efﬁcient, i.e. if considerable resources are not allocated.
While he does not explicitly deﬁne the level of efﬁciency of a given
arbitrage for a multi-objective problem, we will consider here that
efﬁciency is maximal if there exists no other arbitrage which can
lead to a better outcome for all parties. As suggested in [15], in
the case of individual objectives expressed by real-valued functions, the efﬁciency of an arbitrage may be related to a distance
(e.g., the Euclidean distance in the normalized cost space) between
an outcome and the Pareto-front of the problem.
In practice, as proved in Section 3.2, the solution of our optimization scheme is on the Pareto-front. Consequently, the elected
solution has the property of maximum efﬁciency, regardless of
the objective functions and the constraints.
4.3. Accountability
In the context of multi-party resource allocation, a scheme is
accountable if the party investing more effort earns its superior position. An example of an accountable arbitrage is given in [28]:
consider two individuals with the same abilities and a global earning that should be divided between them, if one chooses to work
50% less, an accountable notion of fairness would allocate him less
earning than the other individual.
Accordingly with the interpretation of accountability proposed
in [29], an ‘‘effort” of TSOi could be to make the constraints
g i ðuÞ 6 0 less strict. Let us deﬁne, for example, that an effort from
one TSO would be the increase of the range of possible bus voltages
in its entire control area (say, from ½0:94; 1:06 to ½0:92; 1:08).
To study the accountability of our arbitrage strategy, we have
optimized the base case system with no effort and with an effort

Table 3
Values of the cost functions C i ðu Þ and normalized overcosts C i ðu Þ  C i ðui Þ in every
area of the test system. Four cases have been studied: no extra effort, effort from TSO1 ,
effort from TSO2 , and effort from TSO3 .
Effort

C 1 ðu Þ

C 2 ðu Þ

C 3 ðu Þ

None
TSO1
TSO2
TSO3

20.01
30.80
15.65
19.61

37.70
37.02
36.71
36.95

38.13
37.91
38.12
36.96

C 1 ðu Þ  C 1 ðu1 Þ

C 2 ðu2 Þ  C 2 ðu Þ

C 3 ðu Þ  C 3 ðu3 Þ

None
TSO1
TSO2
TSO3

0.0089
0.0125
0.0087
0.0070

0.0071
0.0067
0.0061
0.0101

0.0106
0.0172
0.0120
0.0059

from each TSO, successively. Table 3 presents the costs and normalized overcosts supported by each TSO in every case. Those simulation results conﬁrm the observations in [29] that the ﬁnal
allocation is generally more proﬁtable for the TSO that makes more
effort, at least in the original cost space. This ‘‘accountability” can
also be observed in the normalized space, where the overcosts
C i ðu Þ  C i ðui Þ tend to decrease when TSOi makes an effort (except
for TSO1 in this example).
However, those observations cannot be generalized since there
are some cases for which the ﬁnal allocation is not accountable. For
example, let us consider the case where a TSOi makes an effort
from which it does not directly beneﬁt (C i ðui Þ does not signiﬁcantly decrease). In such a context, its effort could allow the other
TSOs to increase their possible beneﬁts by increasing their use of
TSOi ’s resources. This could change the normalization factors, especially C i , and the location of the utopian minimum, so that the ﬁnal
allocation could be less proﬁtable for TSOi . In particular, this situation happens when TSO1 increases the range of possible bus voltages within its control area. For such a case, the decrease of
C 1 ðu1 Þ is limited, as u1 is not really constrained by the bus voltage
limits. In the meantime, C 1 ðu2 Þ and C 1 ðu3 Þ increase signiﬁcantly, as
the effort made by TSO1 can be exploited by TSO2 and TSO3 in a detrimental way for TSO1 . Consequently, C 1 increases (from 88,352 to
14,692), while v1 does not signiﬁcantly decrease (from 1.99 to
1.56), and the other normalization factors tend to decrease. Hence,
despite its higher effort, TSO1 is penalized (C 1 ðu Þ increases from
20.01 to 30.80).
The proposed allocation scheme is also non-accountable if applied to a system with only two parties. The normalization factors
for TSO1 and TSO2 would then be C 1  v1 ¼ C 1 ðu2 Þ  C 1 ðu1 Þ and
C 2  v2 ¼ C 2 ðu1 Þ  C 2 ðu2 Þ, respectively. Therefore, one TSO would
be rewarded if its objective fulﬁllment is highly penalizing its
neighbor and the arbitrage could not be accountable. This ﬂaw disappears, however, when considering systems with three TSOs or
more. Indeed, the more TSOs participate in the process, the more
importance is given to a local objective that slightly affects the
other TSOs’ objectives.
4.4. Altruism
The notion of ‘‘altruism” is deﬁned by Konow in [28]. He states
that what parties can not inﬂuence should not affect the allocation,
and proposes the following example of altruism: if two individuals
having different abilities work each at 100% of their capabilities, an
altruist notion of fairness would allocate them the same share of
the global earning. This notion is also developed by Rabin, who
associates in [30] the fairness with the concept of ‘‘reciprocity.”
One property of altruism is that a parameter that does not depend on TSOs’ actions should not affect the allocations. The interpretation we make here of this concept is that a optimal control
settings for a TSOi , whose control variables have much inﬂuence
on the objective fulﬁllment of the other TSOs, should be consistent
with the other TSOs’ objectives, regardless of the objective function
C i . However, since the dynamics of the different areas of our
benchmark system were highly coupled, we have been unable to
check on the test problem whether this concept was indeed
satisﬁed.
Another property of altruism is that the allocations should not
be biased toward the TSOs with the greatest ‘‘abilities.” Indeed,
as written in Section 1, the overcosts should rather be shared
according to the effort made by the different TSOs. In the context
of reactive power scheduling, we consider that the ability of a
TSO is related to its inﬂuence on the dynamics of the system. Thus,
the TSOs that have a strong inﬂuence on the system should not
have a highly negative impact on the other TSOs. In this respect,
the proposed allocation scheme clearly has some altruism proper-
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ties since the terms vi and C 0i penalize TSOi , when its objective is
not compatible with the other objectives.
5. Sensitivity to biased information
If a CCC were to apply the proposed resource allocation scheme,
some TSOs might be tempted to exercise strategic behavior to turn
the scheme in their favor. We discuss in this section how sensitive
the optimization scheme is with respect to biased information concerning the constraints (e.g., limitations on voltage or reactive
power injections) and objective functions.
5.1. Biased formulation of the constraints
A way for the parties to bias the arbitrage scheme in their favor
is to report accountable efforts only. In particular, every TSOi may
be interested to declare more restrictive constraints g i ðuÞ than
those faced in reality, when it does not directly beneﬁt from the
relaxation of those constraints. We refer to Section 4.3, for a
numerical example of the potential beneﬁts of a TSO, when it provides wrong information about its voltage constraints.
Although the lack of accountability of our scheme with respect
to certain types of effort may induce such types of gaming, this
non-collaborative strategy might be avoided by continuous monitoring of the power system state by the CCC. For example, a statistical analysis of the bus voltages could inform the CCC about real
voltage control abilities of every generator in the power system.
The practical implementation of such a policy is, however, particularly complex, and is not discussed in this paper.
5.2. Biased formulation of the objectives
A TSOi may also be tempted to declare a biased formulation of
its cost function. More precisely, a TSOi could provide the CCC with
b
a function Ccw
i ðuTSOi Þ rather than C i ðuTSOi Þ.
If C w
i ðuÞ ¼ a  C i ðuÞ þ b with a; b 2 R, the allocation strategy is
not affected since, as emphasized in Section 3.2, our arbitrage
strategy has the property of being immune to any linear transformation of the objective functions.2
Now, let us consider the case where C w
i ðuÞ ¼ C i ðuÞ  C i ðuÞ. Intuitively, with such a biased formulation of its objective function,
TSOi could obtain a better allocation, since it may give to the CCC
the impression that a deviation from ui is worse for it than it is
in reality. However, such a strategy is not systematically beneﬁcial
for a TSO. For example, if TSO1 , which focuses on the minimization
of reactive power support in its control area, asks the CCC to minP
2
imize the square of
j2TSO1 Q j , the arbitrage leads to a solution
were C 1 ðu Þ ¼ 97:07 rather than 20.01 if TSO1 were to provide its
true objective function. Therefore, such a strategy of overestimating its costs may be counter-productive.
Even if it is clear that, by truncating their objective function, the
TSOs might bias the allocation in their favor, such a problem could
be avoided in practice by constraining the TSOs to select their cost
function in a set of reasonable formulations for the objectives, and
report data and constraints truthfully.
6. Conclusions
In this paper, we have addressed the problem of centralized
decision making for a multi-TSO power system, for which every
TSO’s individual objective can be represented by a real-valued cost
function. We have emphasized that the problem could be reduced

2
The independence of the arbitrage with respect to a translation þb is due to the
fact that only overcosts are used to deﬁne the normalization factors.
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to the election of the fairest point on the Pareto-front. First, we
advocated, using ‘‘common engineering sense,” to select the point
which is closest (according to a speciﬁc distance measure) to the
deﬁned utopian minimum. We have also proposed an algorithm
for computing this point. This approach was illustrated on the IEEE
118 bus system, partitioned into three areas having as local objective the minimization of active power losses, reactive power
support, or a combination of both criteria. Then, we brieﬂy introduced the concept of fairness in the sense of economics, and we
showed that our approach indeed satisﬁes, at least to some extent,
the fairness criteria. We also commented on the robustness of the
scheme with respect to some types of strategic behavior from the
interconnected TSOs.
Prior to applying the proposed scheme to real systems, some
practical issues need to be addressed. In particular, the computational costs of the scheme may be higher than those needed for a
single-objective optimal power ﬂow. Indeed, as emphasized in
[31], a sophisticated formulation of the objective may induce more
computational complexity, which could be critical, when the
scheme is applied to large-scale systems. One may also consider
other issues in relation to the application of the scheme to real systems. By way of example, with large-scale systems, the individual
objectives of the TSOs may be almost independent of a large number of control variables, as those located very far from the area under consideration for example. This could induce a high sensitivity
of the normalization factors with respect to some small changes in
the system operating conditions, which could be questioned by the
different parties.
While the number of potential applications of our method is
large (any allocation that can be formulated as a multi-objective
problem could be solved through our method), its Achilles’ heel is
related to the way we deﬁne the ‘‘fairest allocation” and, more speciﬁcally, to the cost functions normalization procedure. This deﬁnition is subjective in essence. It may perhaps even be naive to assess
the fairness of an allocation without consulting the different parties.
In the framework of multi-TSO power system operation, there is
a multitude of tasks, such as dynamic security assessment or transmission investments for which the objective of each party can not
be expressed as a real-valued cost function. In such contexts, it
would also be interesting, even challenging, to attempt to deﬁne
the concept of fairest allocation.
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