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Abstract

Zonal day-ahead (DA) electricity markets followed by redispatch (RD) markets for con-
gestion management are vulnerable to the strategic bidding behavior known as Inc-Dec
gaming. Although previous literature has demonstrated the effects of Inc-Dec gaming, it
has neglected the participation of flexible demand in RD markets. This paper addresses this
gap by developing a novel multi-period bi-level optimization model of a strategic producer
participating in DA and RD markets, accounting for the inherent time-coupling operating
characteristics of demand flexibility (DF) in the RD market. This model includes an upper
level problem determining the optimal bidding decisions of the strategic producer in the
DA and RD markets, and two lower level problems representing the clearing process of
the two markets. The role of DF in addressing Inc-Dec gaming is demonstrated through a
small-scale case study involving a 2-node system and a 2-period market horizon (showing
peak/off-peak dynamics), as well as a large-scale case study involving a modified IEEE
RTS 24-node system and a daily (24-h) market horizon.

Keywords: Bi-level optimization; demand flexibility; electricity markets; Inc-Dec gaming;
redispatch markets

1. Introduction
1.1. Background and Motivation

Deregulated and highly renewable energy systems are characterized by more variable
and less predictable power flows within the transmission network [1]. In this context,
Transmission System Operators (TSOs) carry out the critical task of managing grid conges-
tion. In the US, this is primarily addressed through the application of nodal pricing, which
accounts for transmission constraints and varying costs of delivering electricity at different
nodes across the network. In contrast, the EU target model relies on a zonal day-ahead (DA)
market, followed by redispatch (RD) markets as the main ex-post remedial action used
by TSOs to adjust DA schedules, resolve grid congestion, and maintain grid stability [2].
In 2023, Germany, Poland, and Spain each carried out RD activations corresponding to
approximately 5% of their total electricity demand—a record level—in order to resolve
transmission grid congestion. According to data from the EU Agency for the Cooperation of
Energy Regulators (ACER), this costed £2 billion in Germany alone [3]. While this trend is
in part driven by the ongoing large-scale integration of non-dispatchable renewable energy,
in recent years, the European Commission has also highlighted [4] that the RD process is
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vulnerable to the strategic bidding behaviour called Inc-Dec (or Incremental-Decremental)
gaming—which could contribute to the observed rise in RD volume and cost.

Within the electricity markets literature, the terms strategic bidding and market power
generally refer to a producer’s ability to influence market prices (through economic with-
holding or capacity withholding) within a single market stage [5]. In [6] the concept of
locational market power is discussed, which may arise even in the absence of congestion,
as strategic producers can induce binding network constraints through their bids. The Inc-
Dec game represents a (still largely unexplored) extension of this concept to a market
framework with sequential stages, where producers exploit the interaction between DA
and RD markets rather than a single-stage price effect. Through Inc-Dec gaming, producers
can exploit the DA market to induce artificial scarcity or surplus in their node, to influence
the subsequent RD market, ultimately increasing their profit [7]. Inc-Dec gaming played a
crucial role in the U.S. transition to nodal pricing [8] and has been empirically evidenced
in the UK [9], Italy [10], and Germany [11]. This mechanism therefore links strategic DA
behaviour to redispatch outcomes rather than to single-market price manipulation, making
it a distinct, inter-temporal manifestation of market power.

To address these concerns, several scholars have examined the issue, mainly through
game theoretical analysis of simplified representations of the European network and markets’
rules. The early contribution in [12] analytically derives the Nash equilibrium for a continuum
of infinitesimally small producers under various market design scenarios. It demonstrates
that a zonal DA market, followed by a pay-as-bid RD market, results in additional payments
to producers in export-constrained nodes due to Inc-Dec gaming, thereby leading to ineffi-
cient investment signals. These results are confirmed in [13], which considers pay-as-clear
pricing in the RD market, and [14], which also considers demand-driven uncertainty on
network congestion. However, both analyses are limited to a 2-node system. Reference [15]
introduces an Equilibrium Problem with Equilibrium Constraints (EPEC) model that is refor-
mulated as a Mixed-Integer Linear Programming (MILP) model, enabling the study of larger
networks. In [16], this approach is applied to investigate the impact of Inc-Dec gaming under
two different RD pricing options: pay-as-bid and “optimal zonal” pricing, the latter proposed
by the authors. By focusing on surplus nodes in a 6-node and a 24-node system, the analysis
demonstrates that RD with pay-as-bid pricing is less efficient than optimal zonal pricing,
where the geographical price granularity in RD matches that of the DA market (i.e., zonal).
Rather than focusing on market equilibrium calculations, reference [17] introduces a bi-level
model for the strategic bidding of a single producer. Authors consider grid congestion at
both the distribution and transmission levels, carrying out analysis on a meshed 3-node
transmission network linked to two branches of a radial distribution network.

Beyond the above challenges associated with managing transmission congestion,
another fundamental feature of the emerging energy systems is the enhanced role of the
demand side, whose flexibility (i.e., the ability of modifying its temporal patterns) is
widely considered as a key enabler towards achieving cost-efficient decarbonization [18].
Currently in Europe, consumers are legally eligible to participate in RD markets in Austria,
Finland, France, the Netherlands, Norway, Romania, and Sweden [19]. At the same
time, TSOs can also access innovative platforms such as GOPACS [20] and NODES [21] to
procure congestion management services. Previous studies have examined the participation
of demand-side flexibility in DA energy markets (e.g., [22,23]) and balancing markets
(e.g., [24,25]), but its explicit role within RD markets, where producers strategies interact
with grid constraints, has not been addressed in the literature.

Therefore, a relevant research gap emerges in this context: previous literature on
Inc-Dec gaming (as summarized in Table 1) has focused on generation-only RD markets, ne-
glecting demand-side participation. Going further, existing studies have merely focused on
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single-period models, thus being inherently unable to capture the time-coupled operating

characteristics of demand flexibility (DF).

Table 1. Summary of Existing Literature on Inc-Dec Gaming.

Paper Model Examined Network RD Participants Time Frame Time-Coupling
[12] Analytical No specific network Producers Single-period No
[13,14] Analytical 2-node Producers Single-period No
[15] EPEC No specific network Producers Single-period No
[16] EPEC 24-node Producers Single-period No
[17] MPEC 3-node Producers Single-period No
This paper MPEC 24-node Prod. and Demand-Side = Multi-period Yes

1.2. Scope and Contribution

As indicated in Table 1, this paper aims to fill this knowledge gap by investigating

for the first time the participation of DF in RD markets, while accounting for its time-

coupling operating characteristics, and analyzing the impacts of such participation on

Inc-Dec gaming. Specifically, the novel contributions of this paper are as follows:

A multi-period bi-level optimization model of a strategic producer participating in

DA and RD markets is proposed, accounting for network constraints and the time-

coupling operating characteristics of DF participating in the RD market. The upper

level problem determines the optimal bidding decisions of the strategic producer in

the DA and RD markets, while the two lower level problems represent the clearing

process of the two markets. This bi-level problem is solved by converting it into a

Mathematical Program with Equilibrium Constraints (MPEC) and subsequently to a

MILP through strong duality and binary expansion techniques.

The role of DF in addressing Inc-Dec gaming, as well as the generic applicability of

the proposed model, are demonstrated through two case studies: a simple 2-node,

2-period example, and a large-scale case study based on a modified IEEE RTS 24-node

system over a daily market horizon.

1.3. Paper Structure

The rest of this paper is organized as follows. Section 2 details the developed bi-level

optimization model. The application of the model to an illustrative small-scale case study

and a large-scale case study is presented in Sections 3 and 4, respectively. Finally, Section 5

discusses conclusions and future extensions of this work.

1.4. Nomenclature

Indices and Sets

teT
i
i—el-
keK
jel
neN
lel
I, C1I
I; CI™
K, CK
Jn €T

Index and set of time periods

Index of strategic conventional producer

Index and set of conventional producers other than i
Index and set of renewable producers

Index and set of demands

Index and set of network nodes

Index and set of network lines

Subset of conventional producers i connected to n
Subset of conventional producers other than 7 connected to n
Subset of renewable producers k connected to n
Subset of demands j connected to n
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Parameters
A Marginal cost of producer i [£/MWh]
/\]D Marginal benefit of demand j [£/MWh]
A;‘ ; Discomfort cost of demand j for shifting demand away from t [£/MWHh]
/\?’; Discomfort cost of demand j for shifting demand towards t [£/MWh]
VoLL Value of lost load [£/MWHh]
g Maximum power of conventional producer i [MW]
St Maximum power of renewable producer k at { [MW]
d}ﬂ”" Maximum baseline power of demand j at ¢ [MW]
GSF,, Generation Shift Factor between node 7 and line [
Frex Transmission capacity of network line I [MW]
& Load shifting limit of demand j [%]
Variables
it ay-ahead market dispatch of producer i at ¢
Si Day-ahead ket dispatch of prod jat t [MW]
djt Day-ahead market dispatch of demand j at t [MW]
APA Day-ahead market clearing price at t [£/MWh]
ki Day-ahead strategic bidding variable of producer i at ¢
k?f Upward redispatch strategic bidding variable of producer i at ¢
kdn Downward redispatch strategic bidding variable of producer i at ¢
r?f Upward redispatch provided by producer i at t [MW]
rﬁ’f Downward redispatch provided by producer i at t [MW]
d}lf Power of demand j shifted away from ¢ [MW]
d;-i;‘ Power of demand j shifted towards t [MW]
d}"; Unserved power of demand j at ¢t [MW]

2. Modeling Approach

2.1. Modeling Assumptions

The proposed bi-level optimization model expresses the perspective of a strategic

conventional producer i who aims at optimizing its bidding decisions in order to maximize

its total profit in the DA energy and RD markets, while anticipating the clearing outcomes

of the two markets and potential DF activations in the RD market. For clarity reasons,

the main assumptions behind this model are outlined below:

1.

The modeled DA market is a pool-based, energy-only, zonal market, cleared by the
market clearing agent through the solution of a social welfare maximization problem
which ignores within-zone network constraints and adopts pay-as-clear pricing.

The modeled RD market is a pool-based, pay-as-bid (as commonly implemented in
the EU) market, cleared by the TSO, who also acts as the sole buyer, in order to resolve
within-zone network congestion with the minimum RD cost. The TSO employs a
DC power flow model and Generation Shift Factors (GSFs) to represent network
constraints. The RD market clearing follows the DA market clearing.

Considering the focus of the paper, and for the sake of simplicity, the model considers
a single bidding zone (the one where the strategic producer is located), and thus
disregards market coupling.

For clarity, and without loss of generality, the model assumes that each producer owns
a single generation unit and submits a single price-quantity bid for this generation
unit for each time period ¢ and in each of the two considered markets. For the same
reasons, the model assumes that each demand participant submits a single bid for
each time period ¢, including in the RD market when the unit provides flexibility.
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5. The strategic producer’s ability to adjust DA and RD bids to maximise profit across
the two stages is an essential feature of the proposed model. Expanding the approach
employed in [26], the strategic behavior of producer i is expressed through the decision
variables k; , k?f and kfl’t1 Specifically, k; ; expresses its behavior in the DA market
with k; ; = 1 implying that it behaves competitively and reveals its actual marginal
cost AS to the DA market, while k;; > 1and k;; < 1 imply that it behaves strategically
(overbids and underbids, respectively). In a similar fashion, k:‘f and kf,’; express its
behavior in the RD market (upward and downward, respectively), with k:‘f =1land
k‘fj’ = 1 implying that it behaves competitively.

6. DFis incorporated in the RD market clearing problem through a generic, technology-
agnostic, and inter-temporal model, which follows the approach of [27-31]. Specifically,
the load of the demand participant j at time period ¢ can be reduced or increased
relative to its dispatch in the DA market, but (a) this reduction/increase is subject
to certain limits (prescribed by the relative parameter «;), (b) it entails a quantifiable
marginal cost of discomfort [30] which also constitutes the price offered by j in the RD
market (i.e., strategic behavior of flexible demand participants is neglected), and (c) the
total size of demand reductions is equal to the total size of demand increases within the
considered daily market horizon, implying that demand shifting is energy neutral.

2.2. Bi-Level Optimization Model of Strategic Producer

The structure of the proposed bi-level optimization problem is illustrated in Figure 1
and involves three interdependent optimization problems; specifically, the upper level (UL)
problem determines the optimal bidding decisions of the strategic producer i in the DA
and RD markets, and is subject to two lower level problems, which represent the clearing
process of the DA market (LL1) and the RD market (LL2). The detailed formulation of the
bi-level problem is presented below:

(UL problem)
max )| (AP = AP)gis + (K7 AT = AP + (AT — kAT )} (1)
= t
where:
E = {kip k;} K} b))
(LL1 problem)
min YK AT g+ ) AT i+ Y AL Skt — LA dj 3)
=Tt i—t kit it
where:
EPA = {git, &im s Qo i} 4)
subject to:
Zdj,t — Qi — Y &i—t— ) 8kt =0: APA, vt ®)
j i- K
0 < gis < g™ ply, pulyt, vt (6)
0 < giop < g™ ul, uit, Vi, vt @)
0 < g < QI gy ey, VKVt (8)
0 <dje <dff™ s, ui, ViVt )
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(LL2 problem)

. up G up dn+G.d G up G d G up G.d
min } [(ki,t Aty —KigA; Ti,?) +) (Airi—,t - Aiﬁ'",t) +) </\k Tt — M rk,nt)
& t i— k
(10)

dn d
- Z <A]”.’Ifd;ff + A%l + d;‘j;vOLLﬂ
]

where:

[

RD _ g up dn Mp dn HP dn gup d
= {”i,t it Tile il Trpr Tt dj,t ’ dj,?f d;u? (11)

subject to:

Z(d}j,’; — d;ff — d;‘;’) — er + rﬁ? — Z (rll.lflt — rff,t) - Z (er — r,‘i’}) =0: )\5’?, vt (12)

€] i—el™ keK
—F" < Y GSFy |icnt +ridy — i+ Y (it =)+ Y (8ue
" i—€ly keK;,
1k =R — L G = A | S ] L (13)
J€n
0= r?f < (8" —8it) V,L‘ifil,uzfﬂ vt (14)
0<rif <gus iy milT, vt (15)
0= ”;T,t < (&M —giop) V?f;,#?fj, Vi—, Vit (16)
0< ”;‘if,t <gi—t: .M?f;,,llflfj, Vi—, Vit 17)
0 <t < (e — o) s ek ", kYt (18)
0 < At < gug s =, i, vk, vt 19
Lo} — i) =0z yj, V] (20)
0 <dif <aldie —dif) i} i}, W, vt (1)
0 < dff < aydye —djfy) s i~ wi ", Vi vt 22)
0 <djf <djyepfy™, pui}", Vj, vt (23)

The objective function of the UL problem (1) lies in maximizing the total profit of
the strategic producer 7 in the DA and RD markets, which is determined as the difference
between its revenues from the two markets Y, (AP4g;, + kif AT} — kI ACTI) and its
operating cost Y ;(gi ¢ + r?f — rff
by optimizing the strategic bidding variables (2).

")A¢ and rearranging some terms. This objective is pursued

The objective function of the LL1 problem (3) lies in minimizing the perceived negative
social welfare of the DA market, by optimizing the market clearing decisions (4). This
problem is subject to the demand-supply balance constraints for the considered (single)
bidding zone (5)—whose associated dual variables /\P 4 constitute the DA market clearing
prices—and the minimum and maximum dispatch limits of the market participants (6)—(9).

The objective function of the LL2 problem (10), lies in minimizing the perceived total
RD cost incurred by the TSO—including both upward and downward adjustments—by
optimizing the RD market clearing decisions (11). This cost includes RD actions on both the
generation side, captured by the first two rows of (10), and the demand side, represented by
the last row of the same equation. On the demand side, we consider upward and downward
RD offers from participants with DF, as well as the cost of involuntary load curtailment
actions, which are priced at the Value of Lost Load (VoLL). Constraints (12) ensure that
the demand-supply balance for the considered bidding zone is preserved after the RD
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market clearing. Constraints (13) ensure that network congestion within the examined
zone is resolved by the RD market i.e., the power flow on each line is lower or equal to
its transmission capacity, employing a DC power flow model similar to [32], and GSFs.
Constraints (14)—(19) express the minimum and maximum RD limits of the producers.

Upper level (UL) problem:

Optimal bidding decisions of
strategic producer

Max Profit of strategic producer

day-ahead bidding day-ahead redispatch bidding redispatch
decisions clearing decisions clearing
ke DA 3PA kit kiE ERD
Lower level 1 (LL1) problem Lower level 2 (LL2) problem
Day-ahead market clearing Redispatch market clearing
Max Perceived social welfare Min Perceived redispatch cost
Subject to: Subject to:
» Demand-supply balance » Upward and downward RD balance
* Producers’ dispatch limits » Transmission capacity constraints
» Demand participants’ dispatch limits * Producers’ RD limits
» Demand participants’ RD limits
» Energy neutrality of DF
» Limits of involuntary load curtailment

Figure 1. Illustration of the proposed bi-level optimization problem.

The DF of demand participant j in the RD market is expressed by constraints (20)—(22),
following Assumption (6) of Section 2.1. Constraint (20) ensures that demand shifting is
energy neutral within the examined daily horizon. Constraints (21) and (22) express the limits
of demand reduction and increase, respectively, as a ratio «; of the dispatch in the DA market,
reduced by any required involuntary load curtailment; a; = 0 implies that participant j does
not exhibit any DF while a; = 1 implies that its whole energy consumption can be shifted in
time. Finally, constraints (23) express the bounds of involuntary load curtailments.

2.3. MPEC Model of the Strategic Producer

As a first step towards solving the above bi-level optimization problem, LL1 and LL2
problems are replaced by their Karush-Kuhn-Tucker (KKT) conditions and the bi-level
problem is converted to a single level MPEC, which is formulated as follows:

DA _ 3Gy, Up G _ 3Gy, HP G _ 1dnyGy,dn
max ) | (A7 = AP)gis + (ki A7 = A7 )rip + (A7 = KEAT ) (24)
g 7
where:
gMPEC _ = jgDA (| gRD (| gDUAL (25)
mDUAL _ {yDA ,G— .G+ ,G— G+ ,G— G+ , D— D+ yRD  F—  F+
= = A e T P Wiy Mg AL Py By
up— _upt dn— dnt+ Up— upt o dn— o dn+
Fir Mip oHip oMip B By B g B s (26)

up— _up+ _dn— _dn+ . uUp— _up+ _dn— _dn+ un— un+
N N L Ly A O Y Y Lo A Ly A T T

subject to:
LL1 original equality condition: (5)
LL1 KKT optimality conditions:

kigA§ = APA —ul + st =0,vt 27)

AZ = AP — e, + et = 0,91, Vi (28)
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AG = AP =g g =0, vV k (29)
—AP + AP —up it = 0,94,V (30)
LL1 compementarity constraints:
0< gt Lu >0,vt (31)
0 < (g™ —giy) Lugy"™ >0t (32)
0< gt Lui", >0,vt,Vi- (33)
0 < (g™ —gi ) L pult, > 0,94, Vi— (34)
0 < gs L gy >0,V,Vk (35)
0 < (i —8ke) L g, >0, VLV k (36)
0<dj; L ;4]?; >0,Vt,Vj (37)
0 < (dff* —djy) L y].?ﬁ > 0,Vt,Vj (38)
LL2 original equality conditions: (12), (20)
LL2 stationarity conditions:
KiPAS = ASP + D1 GSFier, i (ufy = uiy ) —miy +pif = 0,9t (39)
—KIAS + ASP — L1 GSF et (e — iy ) — i+ piyt =0, vt (40)
AZ = AP+ LiGSF iy — i) =P + ) =0 v vi— (41
A A, = LIGSP o (B —ply ) — W Al =0,V Vi (42)
A = AGY + L1 GSF ekt (T — 1ir ) —pgh + 1y =04V k 43)
—AY MG~ L1 GSF ek () — w0 ) —uly Hugi =0,V k (44)
ALY = ASY + LiGSFwjep i (M — iy ) —mj— gl +pil =0V, j  (45)
)‘7,? +ANY — X GSF(n:je]y,),l(.ui;r - yff) +pi— y?ff + y?}’* =0,Vt,Vj (46)
VoLL — A¢y + ZIZGSF(n:fem,l(fo DR LG R A T
) = T T = 0,8, (47)

it

LL2 complementarity constraints:

0<—) GSF, [Sieln,t + ”?epln,t - r;jgl;t,t + Y, (gt ”?—p,t - ”?f,t) + ) (8
n

i—€l—y kekKy,

+rh = iy = Y (dje+ d;{’; — d].‘jf — d;{’;)] + Fmax | yfj >0,V VI
J€In

0 <) GSE, [&GW il = Y it =)+ Y (8K
2 ‘

i—el—y, kek,,
e — e — 3 (d +d7f; - d;l,f — d}f?)] +E Ll > 0,9,
i<
0<rf Lut” >0Vt
0< —rff +gi™ —gi Ll >0,V
0<rfy L= >0Vt
0< —r 4 gie Lt >0,vt

(48)

(49)

(50)
(51)
(52)
(53)
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0<r?, L, >0Vt Vi- (54)

0< —r?, + gl — gy Lpui?} >0,vt, Vi (55)
0< ", Lufm >0,vt,Vi- (56)

0< =", +gip L pf™t >0,V Vi (57)
0<nh Ll >0,vtVk (58)

0< —rh g — gor Ll > 0,9V k (59)
0<rh Luin >0, Vk (60)

0 < =+ g L it >0, Vk (61)
0<djf Ly} 204V (62)

0 < ay(djp — i) —dif Lyl > 0,98,V j (©3)
0<dfy Lufy~ =094,V (64)

0 < aj(dy, — dif) —dff Lpdit > 0,98,V j (69)
0 <dff Ly~ >0,V ] (66)

0< —dff +dj; L y}f’ﬁ > 0,Vt,Vj (67)

The MPEC shares the same objective function as the UL problem. The set of decision
variables (25) includes the decision variables of the UL, LL1, and LL2, along with the
dual variables (26) associated with the constraints of LL1 and LL2. The KKT optimality
conditions are expressed by (27)-(38) and (39)-(67), for LL1 and LL2, respectively.

2.4. MILP Model of the Strategic Producer

Since the above MPEC model is non-linear, we convert it to a MILP model which can
be effectively solved through commercial solvers. Specifically, the MPEC model includes
three different categories of non-linearities which we address through suitable linearization
techniques. The first one involves the bi-linear term ) ; )L’?A i in the objective function (24).
This term is linearized by applying the strong duality theorem to LL1 and exploiting the
KKT conditions (31) and (32), as follows (full derivation provided in Appendix A):

DA _ D max ,, G+ max , G+
YA i = YA — )& = Y sk e —
t it k,t

i—t

Zd?jtax?‘fﬁ - AL 8 — ZAkcgk,t
jt

i—t kt

(68)

. . . P Mp Mp an..dn :
The second non-linearity involves the bi-linear terms ), k; v, and }; kifri} in the

objective function (24). These terms are linearized through binary expansion [33]. This
technique requires introducing the auxiliary variables:

=BE _ . Up _dn _up _dn
B2 ={x) 1 X 00 2 10 2o (69)

where x;’;’t € {0,1}Vb, Vt and xi‘ff},t € {0,1}Vb, Vt are binary variables and zZﬁ/t and ZZ,}},t are

linear dummy variables. Let {kZ’z, b=1,2,...,B} and {k‘bi,’;, b=1,2,...,B} be two sets

of B discrete values in the range [k, k!P"""*] and [k k4"™*] respectively. Then,

the variables k?f and k4" can be replaced with the following sums of binary variables:
log, B—1

up _ qup,min b AUp _Up
k=K ) 220 ki, Wb (70)
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log, B—1
K = gdnmin 4 Z 2P A X, Vt, Vb (71)
where AP = (kP k“”'"”'”)/B and A" = (kimmax _ gdnminy /g Multiplying both
sides of (70) and (71) by r iy P and rl P
new dummy variables zb ;and Zb t ., results in:

respectively, summing for every ¢, and defining the

I SRS eV ™)
Xy ks = jdnmin gy, 20 Adnzdn (73)
Zyh, = X5 rit, Vb (74)
2l = Xt iy, Vb (75)

klf ?f and Y, k 'f fl? can be replaced by their dis-

crete approximation, on the right side of (72) and (73), respectively. The product of vari-

Therefore, the bilinear terms ),

ables in (74) and (75) can be transformed into the following equivalent mixed-integer
linear constraints:

0<r}— sz < G(1—x,7), 9t Vb (76)
0< zb < belt,Vt Vb (77)
0< sy —z, < G(1—xi"),Vt, Vb (78)
0<z", < Gx",Vt, Vb (79)

where G is a positive constant that is large enough for the constraints (76) and (78) to be
relaxed when xzf,t = 0 and x‘hi”;/t = 0, and for the constraints (77) and (79) to be relaxed
when xZ,’;t =1land ng},t = 1, respectively.

The third non-linearity involves the bi-linear terms in the complementarity
conditions (31)-(38) and (48)—(67), which can be expressed in the general form 0 < u 1 p >0,
with p and p representing generic dual and primal terms respectively. They are linearized
using the Fortuny-Amat approach [34] (i.e., big-M). By introducing an auxiliary binary vari-
able 0, each of these conditions is replaced with the set of mixed-integer linear expressions
w>0,p>0u<O6M!, p<(1—0)Mwhere M" and M are large positive constants.

3. Small-Scale Case Study

This section presents a simple case study to illustrate the effects of DF in mitigating
Inc-Dec gaming, considering the 2-node system illustrated in Figure 2 and a simplified
market involving only 2 time periods (a peak period t = 1 and an off-peak period t = 2) for
both DA and RD markets. In this case study, the strategic producer i (which employs the
model of Section 2 to optimize its bidding decisions) is connected to the import-constrained
node 2. This producer is assumed to have a lower marginal cost than the other competing
producer i—, connected to node 1.

strategic
other 2 producer i

prodCLc;er i- | FJ"%% = 500 MW —©

—>
demand
participant j

Figure 2. Illustration of the 2-node system.
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The parameters of the two producers and the single demand participant j are presented
in Tables 2 and 3. For the binary expansion of the linear variables k;} and kﬂ’ (Section 2.4),

we employ k;7 i fnmin — 5 5, P — jdnmax — 55 and B = 1024. In order to
comprehensively assess the role of DF in addressing Inc-Dec gaming, we implement and

compare three different scenarios:

*  Benchmark: all producers behave competitively in both DA and RD markets, while
the demand does not exhibit any DF. This scenario is implemented by forcing
kiy = sz = k?,’f = 1,Vt in the proposed model, as well as setting a; = 0

e Strategic: the producer connected to node 2 behaves strategically in the DA and RD

kY

e k‘f” being decision variables.

markets by employing the proposed model with k; ;, g

The demand does not exhibit any DF (a; = 0).
e Strategic+DF: the producer connected to node 2 behaves strategically in the DA and
RD markets, and the demand exhibits DF characterized by a; = 0.2.

Table 2. Producers’ parameters in the 2-node system.

Producer i Producer i—
Marginal cost [£/MWh] 10 15
Maximum power [MW] 1200 1200
Table 3. Demand parameters in the 2-node system.
t = 1 t = 2
Marginal benefit [£/MWh] 10,000
Upward discomfort cost [£/MWHh] 0.5 1
Downward discomfort cost [£/MWh] 1 0.5
Maximum baseline power [MW] 1000 400
VoLL [£/MWh] 16,050

In this study, the three modelled scenarios represent different stages in the evolution
of the European RD market. The Benchmark scenario reflects a design with cost-based,
ex-post remuneration mechanisms for RD. The Strategic scenario corresponds to the current
configuration of early generation-only RD markets. Finally, the Strategic+DF scenario
illustrates a more advanced market in which flexible demand participates on a level-
playing field with generation in RD processes. Strategic behaviour may emerge in the
latter two.

3.1. Increase-Decrease (Inc-Dec) Gaming

The effects of Inc-Dec gaming are demonstrated by comparing results from the scenario
Strategic against those from the scenario Benchmark, thus neglecting for now DF. These
results are presented in Tables 4 and 5. In the Benchmark scenario, where both producers act
competitively, producer i supplies the entire demand in each period of the DA market due
to its lower marginal cost, while producer i—’s offers are not accepted (Table 4). As a result,
the network is not subject to any congestion, RD actions are unnecessary, and the daily
system cost (£14,000) consists only of the DA market cost (Table 4). The producer connected
to node 2 is the marginal producer and does not provide any RD power, therefore achieving
a net daily profit of zero (Table 5).
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Table 4. System Outcome in 2-Node Case Study.

Scenario Benchmark Strategic Strategic+DF
Period t=1 t=2 t=1 t=2 t=1 t=2
git IMW] 1000 400 0 400 0 400
riy [IMW] 0 0 [sEE o 420 80
riy [MW] 0 0 0 0 0 0
gi_+ [MW] 0 0 1000 0 1000 0
rl?‘ft [MW] 0 0 0 0 0 0
i
i, IMW] 0 o [NSINN O 0
d/;’t [MW] 1000 400 1000 400 1000 400
d;} IMW] - - - - 80 0
din [MW] - - - - 0 80
APA [£/MW] 10 10 15 15 15 15
System costs [£]
DA 10,000 4000 15,000 6000 15,000 6000
RD 0 0 st o 3040 1240
Total 10,000 4000 20,000 6000 18,040 7240
Daily total 14,000 26,000 25,280

In the scenario Strategic, where producer i bids strategically, an instance of Inc-Dec
gaming emerges at the peak period t = 1. Specifically, the strategic producer overbids
in the DA market (i.e., it offers a price higher than its marginal cost, as indicated by the
strategic variable k; ; = 1.5, in Table 5), thereby ensuring exclusion from the DA accepted
offers (i.e., economic withholding). As a consequence, the whole demand at this period
is covered by the competing producer connected to node 1 (Table 4) therefore creating
congestion in line / to be resolved through RD actions. The strategic producer then exploits
this situation by offering upward RD at the highest possible price (as indicated by the
strategic variable kﬂ? = k?p’mx = 2.5, in Table 5).

Consequently, it earns a profit of £7500 at t = 1 (which is entirely achieved in the RD
market) while its respective profit in the scenario Benchmark was zero. Note that the strategic
producer also earns a positive profit at t = 2, but this is driven by mere overbidding in the
DA market and not Inc-Dec gaming and thus is not discussed further. Overall, the daily
system cost in this scenario is increased to £26,000, compared with £14,000 in the Benchmark
scenario, with the largest part of this negative effect attributable to the Inc-Dec gaming
instance at t = 1.

Table 5. Strategic Producer’s Outcome in 2-Node Case Study:.

Scenario Benchmark Strategic Strategic+DF
Period t=1 t=2 t=1 t=2 t=1 t=2
ki 1.00 1.00 1.50 1.50 1.50 1.50
k;¥ - - 2.50 - 2.50 1.50
k{i’fl _ — — — — —
it

Revenues and costs [£]

Revenue DA 10,000 4000 0 6000 0 6000
Cost DA 10,000 4000 0 4000 0 4000
Revenue RD 0 0 12,500 0 10,500 1200
Cost RD 0 0 5000 0 4200 800
Profit 0 0 7500 2000 6300 2400

Daily profit 0 9500 8700
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3.2. Role of DF in Addressing Inc-Dec Gaming

Similar to the scenario Strategic (discussed in Section 3.1), the strategic producer still
engages in Inc-Dec gaming during the peak period (f = 1) in the scenario Strategic+DF.
However, the demand participant now contributes to the upward RD during this period
up
B
sible alteration from the DA ]crlearing, under the DF constraints (20)—-(22). Consequently,
the strategic producer’s upward RD activation decreases from 500 MW to 420 MW (Table 4),
which reduces its profit during this period from £7500 to £6300 (Table 5).

Nevertheless, due to the energy neutrality constraint of DF (20), the demand partici-

by reducing its demand by 4.7 = 80 MW (Table 4), which represents its maximum pos-

pant needs to increase its demand by d;{g = 80 MW at the off-peak period t = 2. Therefore,
considering the RD balance constraint (12), the strategic producer exploits this situation
by offering upward RD of the same amount (Table 4). However, note that this offer is not
made at the highest possible price but at a lower one (as indicated by the strategic variable
k:.fg = 1.5 in Table 5), as a higher offer would render the strategic producer out of the RD
merit order and the required upward RD would be provided by the competing producer
i— (in the off-peak period the two nodes are not decoupled by network congestion). As a
result, its profit at this period is increased from £2000 to £2400.

Considering both time periods, although DF does not affect the overall consumption
(the demand reduction at t = 1 is equal to the demand increase at t = 2), it yields a positive
impact in terms of mitigating Inc-Dec gaming, since the overall profit of the strategic
producer is reduced from £9500 to £8700 (Table 5) as the profit reduction during the peak
period outweighs the profit increase during the off-peak period. This positive impact is
also reflected on the overall system cost, which is reduced from £26,000 to £25,280 (Table 4).

4. Large-Scale Case Study

This section aims at demonstrating the applicability of the proposed model and the
role of DF in addressing Inc-Dec gaming through a large-scale and more realistic case study.
We consider a 24-h market horizon and the modified IEEE RTS 24-node system illustrated
in Figure 3. The various parameters of the network (including reactance and capacity
of each line), conventional producers (including the marginal cost and maximum power
output of each producer), wind producers (including the profile and distribution by node),
and the demand units (including the maximum baseline profile and demand distribution
by node), are based on [35-37] and provided in Appendix B.

As in the small-scale case study (Section 3), three similar scenarios (Benchmark, Strategic,
Strategic+DF) are compared. In the latter two scenarios, we assume that producer i = 9
connected to node 18 (highlighted in yellow in Figure 3) acts as a strategic producer. This
producer has the highest marginal cost among all producers (Table A4), in contrast to the
small-scale case study where the strategic producer had the lowest marginal cost. This
choice is made intentionally to demonstrate that Inc-Dec gaming is relevant to producers
with different positions in the merit order. In addition, to evaluate how DF affects the
economics of the RD market in the presence of Inc-Dec gaming, in the scenario Strategic+DF,
demand participants connected to node 10, 13, and 15 (indicated in green in Figure 3) exhibit
DF characterized by a; = 0.2. The upward and downward discomfort costs for DF range
from 0 £/MW to 1 £/MW within the day, and follow the rationale of [31]. Specifically,
shifting demand away from a period incurs a discomfort cost proportional to the inverse
of that period’s baseline demand, whereas shifting demand toward a period incurs a cost
proportional to the baseline itself. The wind producers k are assumed to have a marginal
cost of zero. The lines connecting node pairs (14, 16) and (15, 21) constitute critical network
elements, as they are congested during certain hours even under perfect competition
assumptions (i.e., in the Benchmark scenario).
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Figure 3. Illustration of the modified IEEE RTS 24-node system.
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These lines are shown in red in Figure 3, with arrows indicating the direction of power
flow during hours with grid congestion. Specifically, congestion on these lines is caused by
power flows from the north-western (nodes 16-18 and 21-22) to the southern part of the
system, since 74% of the system demand is located south of the critical network elements
(nodes 1-15 and 24), where only 37% of the installed generation capacity is located.

Considering the most generic scenario Strategic+DF, the proposed MILP model
(Section 2.4) has 11,033 continuous variables, 7968 binary variables, and 18,569 constraints.
This model has been implemented using the GUROBI Python Interface [38] and solved
through the Gurobi Optimizer solver on a computer with a 28-core 2.6 GHz Intel Xeon pro-
cessor and 512 GB of RAM. This scenario has been solved in 1931 s with the mixed-integer
programming gap set to 1%.

4.1. Increase-Decrease (Inc-Dec) Gaming

As in the small-scale case study presented in Section 3, the effects of Inc-Dec gaming
are demonstrated by comparing the scenario Strategic against the scenario Benchmark. In the
latter, the offers of the examined producer 9 are not accepted in either the DA or RD market
throughout the day, as it exhibits the highest marginal cost. Consequently, it achieves a
daily profit of zero (Table 6).

In the scenario Strategic, Inc-Dec gaming emerges during hours 07:00-23:00. Specifically,
the strategic producer underbids in the DA market (i.e., it offers a price lower than its marginal
cost, as indicated by the strategic variables k;; < 1 in Table 7) in order to ensure its offers
are accepted in the DA clearing. Figure 4a shows the DA clearing by producers’ category,
i.e., wind producers k, strategic producer i = 9, and all other conventional producers i—. As a
consequence, during these hours, the DA dispatch of conventional producers i— at nodes 2,
7,15, 16, and 23 is replaced by dispatch of strategic producer i = 9, and the overall extent of
congestion is increased by 107% with respect to the Benchmark scenario (Table 6).
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Table 6. Results of IEEE 24-Node Case Study.
Scenario Benchmark Strategic Strategic+DF
Producer 9 results
DA Profit [£] 0 —43,630 —43,630
RD Profit [£] 0 82,738 84,465
Total Profit [£] 0 39,108 40,834
System results
Congestion [MW] 3399 7049 7049
DA cost [£] 748,058 706,372 706,372
RD cost [£] 39,284 81,228 74,981
Total cost [£] 787,342 787,599 781,353

Specifically, as illustrated in Figure 4b, the strategic action of producer i = 9 exacer-

bates congestion on lines (14, 16) and (15, 21), while also inducing additional congestion

on lines (16, 17) and (13, 23). The strategic producer then exploits this situation by of-

fering downward RD at an average price of 7.69 £/MWh (as indicated by the average

k‘f? value of 0.29, Table 7). As a result, producer i = 9 is redispatched downwards in
hours 07:00-23:00, as illustrated in Table 7 and in the left chart of Figure 5.

2500 -

2000 -

— Baseline demand
B Produceri=9
[ All producers i-
@@ All producers k

Line congestion [MW]
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200 -
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Figure 4. (a) Day-ahead market clearing under the scenario Strategic (same in the scenario Strate-

gic+DF). (b) Hourly congestion extent for different lines under the scenarios Benchmark and Strategic.
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Although it incurs losses in the DA market (due to underbidding), its total daily
profit increases from zero (Benchmark scenario) to £39,108. This instance of Inc-Dec gaming
increases the daily RD cost from £39,284 to £81,228 (Table 6).

Table 7. Hourly results in the large-scale case study. Left: day-ahead (DA) outcomes (k;¢, i ¢, APA),
which are identical in Strategic (S) and Strategic+DF (S+DF). Right: redispatch (RD) outcomes (kdn

it/

r??, PRDP) shown separately for S and S+DF. PPA and PRP denote DA and RD profits, respectively.

. K., it ADA  pDA I i [MW] PRD [£]
© [MW]  [£MW] [£] S S+DF S S+DF S S+DF
00:00 - 0 5.47 0 - - 0 0 0 0
01:00 - 0 0.50 0 - - 0 0 0 0
02:00 - 0 0.50 0 - - 0 0 0 0
03:00 - 0 0.00 0 - - 0 0 0 0
04:00 - 0 0.00 0 - - 0 0 0 0
05:00 - 0 0.50 0 - - 0 0 0 0
06:00 - 0 6.02 0 - - 0 0 0 0
07:00 040 95 1052 1518 [023° 021 95 95 1940 2001
08:00 040 281 1052 —4490 | 023 023 281 281 5738 5738
0900 043 258 1132  -3916 [M0250 023 258 258 | 5134 [N5268N
10:00 070 281 1852  —2242 | 025 025 262 | 281 5214 5592
11:00 070 281 1852  —2242 | 032 032 281 281 5047 5047
12:00 078 244 2070  —1415 | 032 032 244 244 4382 4382
13:00 078 244 2070  —1415 | 032 032 244 244 4382 4382
14:00 070 281 1852  —2242 | 032 032 281 281 5047 5047
15:00 070 281 1852 2242 [JOBBINOSN 281 281 | 5047 G592
16:00 078 281 2070  —1630 | 032 032 281 281 5047 5047
17:00 078 281 2070  —1630 | 032 032 281 281 5047 5047
18:00 078 281 2070  —1630 | 032 032 281 281 5047 5047
19:00 070 281 1852 2242 [JOBBNT025 281 275 | 5047 54780
20:00 070 199 1852  —1588 | 025 025 199 199 3960 3960
21:00 043 277 1132 —4205 | 025 025 277 277 5513 5513
22:00 040 281 1052 —4490 | 025 025 281 281 5592 5592

23:00 040 281 1052 —4490 ! 023 | 281 281 [15556 |S7E8N

4.2. Role of DF in Addressing Inc-Dec Gaming

In the scenario Strategic+DF the DA market clearing does not change with respect to
the scenario Strategic (Figure 4a and left side of Table 6). However, for what concerns the RD
market, results in Tables 6 and 7, together with Figure 5, indicate two important effects of DE

With respect to system costs, the introduction of DF lowers RD costs by 8% (from
£81,228 to £74,981, Table 6) over the 24-h period. The right chart of Figure 5 shows that
in peak hours 10:00-20:00 the flexible demand units are activated upwards (i.e., demand
is reduced). This yields two economic advantages: (i) it reduces upward RD reliance on
peaking producer i— = 4 (whose marginal cost is 20.93 £/MWh). This producer is slightly
more expensive than the other producer providing upward RD in those hours (i— = 3),
and considerably more expensive than DF, thereby lowering the effective cost of upward
RD. (ii) In most of the hours (e.g., 13:00), it also reduces the total volume of RD required.
The latter is due to the higher congestion-relief effectiveness of DF, as part of it is located at
node 15, which is directly connected to a congested line and thus associated with a high GSF.

In off-peak and shoulder hours 00:00-06:00 and 21:00-23:00, owing to the energy-
neutrality constraint (20), DF is activated downwards (i.e., demand increases). This
additional consumption is supplied primarily by low-cost conventional producers
(i—=1,2,10,11, with marginal costs between 0.50 £/MWh and 13.32 £/MWh) and wind
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producers (k = 4, 6) that bid at zero, allowing DF to absorb low-priced energy. Notably,
the upward RD of wind producers in hours 04:00-05:00 illustrates DF’s ability to reduce
day-ahead wind curtailment (Figure 5).

Therefore, as in the small-scale case study, the RD cost reduction driven by DF during
peak hours outweighs the RD cost increase during off-peak hours, resulting in an overall
positive effect of DF in terms of system costs.

With respect to the profit of the strategic producer, a counter intuitive result emerges:
although DF reduces the total RD cost of the system, the profit of the strategic producer in
the RD market increases. This is because, thanks to the two system-level economic benefits
explained above, the cost per MW of congestion relief decreases in the Strategic+DF scenario.

This enables the strategic producer i = 9 to slightly adjust its offers in a more conve-
nient way while still remaining selected in the TSO’s optimal RD bundle solution. For ex-
ample, in hours 15:00 and 19:00, the downward strategic variable k‘l’l’f is reduced from 0.32
to 0.25 (Table 6). By lowering k‘Z’f, producer i = 9 captures a higher profit rfl? (1- k?/’:))\ic,
under pay-as-bid downward RD. In particular, its profit increases by approximately 4%,
from £39,108 to £40,834, when DF participates in the RD market in this case study (Table 7).

5. Conclusions and Future Work

Despite increasing attention on the rising costs of redispatch in the European electricity
markets and the impact of Inc-Dec gaming, existing literature solely focuses on market
models with single time period analyses and is therefore unable to consider demand-
side redispatch. As a result, those models fail to fully capture the redispatch markets
economics, particularly the role of demand-side integration and the costs associated with
Inc-Dec strategies.

This paper introduces a novel optimization model that extends existing Inc-Dec
gaming models across multiple time periods and integrates technology-agnostic demand
flexibility characteristics into a bi-level market modeling structure. The model features
two lower-level problems representing the day-ahead and redispatch markets clearing
and employs binary expansion techniques to linearize equations relating to pay-as-bid
redispatch decisions. The resulting MILP formulation is tractable using commercial solvers
and the proposed approach is demonstrated through two case studies.

These case studies show that Inc-Dec gaming emerges as the optimal strategy for
producers located in import-constrained nodes of a small network (Section 3), as well as
producers in a larger network with critical network elements (Section 4). In both situations,
the activity of the strategic producer worsens grid congestion; a situation that the producer
exploits to increase its profit, thereby distorting market outcomes. The large-scale case
study also demonstrates that possessing market power in the day-ahead market is not a
prerequisite for engaging in Inc-Dec gaming, as profit opportunities can arise purely from
the locational and temporal structure of redispatch price signals.

From the system perspective, the introduction of demand flexibility in the redispatch
stage, decreases total redispatch costs (around 8% in the case study of Section 4). This goes
hand in hand with a reduction of Inc-Dec gaming in the case study of Section 3. Conversely,
in the large-scale case (Section 4), a small exploitable bidding slack persists, enabling a
marginal increase in strategic profit despite an unchanged congestion pattern.

These model-based findings depend on the specific market design assumptions and
parameter settings adopted. Future work aims at enhancing the presented model in
two directions. First of all, uncertainty in demand and renewable generation will be
incorporated in the developed model and solution. As part of this work, the model will
be extended by incorporating demand flexibility also in the day-ahead stage. Secondly,
future work should also explore multi-agent strategic behaviour, for example through an
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EPEC-based extension of the presented model. Finally, this paper examines one possible
measure to mitigate Inc-Dec gaming, namely increasing competition through the inclusion
of demand-side flexibility, future research should focus on the evaluation of other market
design measures.
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Abbreviations

The following abbreviations are used in this manuscript:

ACER EU Agency for the Cooperation of Energy Regulators
DA Day-ahead

DF Demand flexibility

EPEC Equilibrium Problem with Equilibrium Constraints
GSF Generation Shift Factor

KKT Karush-Kuhn-Tucker

LL Lower Level

MILP Mixed-Integer Linear Programming

MPEC Mathematical Program with Equilibrium Constraints
TSO Transmission System Operator

RD Redispatch

UL Upper Level

Appendix A. Strong Duality Applied to Day-Ahead Revenues

The bi-linear term in (24) representing revenues from the day-ahead market is
(APA — )\IG) it This term can be linearised by adopting linearization techniques exploiting
the strong duality theorem [39] of LL1. As a first step, by multiplying both sides of (27) by
8it, summing all terms over t, and applying the constraints in (31) and (32) the following
expression is obtained:

Y AP g = Y el + Y kisAf g (A1)
t t t

Applying the strong duality theorem to LL1 we have that:
Zki,t/\iGgi,t+ Z Az‘G—gif,t + ZAfgk,t - Z)\]de,t =
t i—t kt it

- ;gi”“"ufﬁ =Y gt (A2)

i—t

max ,, G+ max ,, D+

— Y8k He _Zdj,t Mt
Kt it

and therefore ), AtDA gi+ can be expressed in the exact linear form:

DA, __ D . max , G+ max ,,G+
Z/‘t 8it = Z/\j djy— Z 8i— Hi_t— ng,t Hit
t it kt

i—t



Energies 2025, 18, 6626

19 of 22

- Zd;?jtaxﬂ]l‘)f - Z /\Egi—,t — Z/Mggk,t
it

k.t

Appendix B. Data Input IEEE 24-Nodes Case Study

The IEEE 24-bus RTS system (Figure 3), widely recognized for evaluating power sys-
tem reliability and market performance, has been modified to reflect contemporary market
conditions and regulatory policies in [36]. The input data includes detailed information on
generation units, wind production profile, demand grid distribution and profile, network
configurations, and system constraints. This documentation aims to enhance the trans-
parency and reproducibility of the main study, providing a comprehensive resource for
researchers analyzing similar market dynamics.

Table A1l. Distribution of Installed Wind Capacity by Node.

(A3)

Node % of Wind Capacity
3 16.7
5 16.7
7 16.7
16 16.7
21 16.7
23 16.7
Table A2. System wind production profile.

Hour Wind (MW) Hour Wind (MW)
1 907 13 250
2 925 14 250
3 986 15 263
4 1010 16 275
5 1037 17 275
6 1200 18 288
7 1190 19 313
8 1084 20 326
9 1055 21 344
10 876 22 376
11 376 23 382
12 282 24 284

Table A3. Network Parameters.

From Node To Node Reactance (p.u.) Capacity (MW)
1 2 0.0146 175
1 3 0.2253 175
1 5 0.0907 350
2 4 0.1356 175
2 6 0.2050 175
3 9 0.1271 175
3 24 0.0840 400
4 9 0.1110 175
5 10 0.0940 350
6 10 0.0642 175
7 8 0.0652 350
8 9 0.1762 175
8 10 0.1762 175
9 11 0.0840 400
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Table A3. Cont.
From Node To Node Reactance (p.u.) Capacity (MW)
9 12 0.0840 400
10 11 0.0840 400
10 12 0.0840 400
11 13 0.0488 500
11 14 0.0426 500
12 13 0.0488 500
12 23 0.0985 500
13 23 0.0884 500
14 16 0.0594 500
15 16 0.0172 500
15 21 0.0249 1000
15 24 0.0529 500
16 17 0.0263 500
16 19 0.0234 500
17 18 0.0143 500
17 22 0.1069 500
18 21 0.0132 1000
19 20 0.0203 1000
20 23 0.0112 1000
21 22 0.0692 500
Table A4. Conventional Producers” Parameters.
Producer i Node Marginal Cost (/MWh) Maximum Output (MW)

1 1 13.32 152

2 2 11.32 152

3 7 20.70 350

4 13 20.93 591

5 15 26.11 60

6 15 12.52 155

7 16 18.52 155

8 18 6.02 400

9 18 26.50 281

10 21 5.47 400

11 22 0.50 300

12 23 10.52 300

Table A5. Distribution of System Demand by Node.

Demand j Node % of System Demand
1 1 3.8
2 2 3.4
3 3 6.3
4 4 2.6
5 5 2.5
6 6 4.8
7 7 4.4
8 8 6.0
9 9 6.1
10 10 6.8
11 13 9.3
12 14 6.8
13 15 11.1
14 16 3.5
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Table A5. Cont.

Demand j Node % of System Demand
15 18 11.7
16 19 6.4
17 20 4.5

Table A6. Profile of Maximum Baseline Demand.

Hour Demand (MW) Hour Demand (MW)
1 1272 13 2518
2 1166 14 2465
3 1087 15 2465
4 1069 16 2518
5 1087 17 2624
6 1272 18 2651
7 1961 19 2651
8 2279 20 2544
9 2518 21 2412
10 2651 22 2067
11 2624 23 1723
12 2597 24 1193
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