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SUMMARY

We present a mechanism based on electricity demand bidding for engaging large
electricity users in the operation of the power grid. We implement this concept
in a grid-scale case study using a synthetic grid structure in the footprint of the
grid of Texas. The results reveal that the demand bidding lowers overall power
generation costs, but economic benefits decline asymptotically as the number of
participants increases. Transmission line and transformer capacity constraints be-
come the limiting factors, revealing that expanding the transmission infrastructure
is key to engaging more demand-side participation. We find that demand bidding
does not substantially alter the optimal operation of existing bidding entities when
the number of bidders increases.

CONTEXT AND SCALE

Power grids are increasingly operating under transient conditions, largely due to
the expansion of renewable energy generation. Engaging electricity users in grid
operations is crucial for ensuring a balanced supply and demand at all times. Cur-
rently, user participation is mostly self-driven, with consumers scheduling electricity
use based on known or predicted prices. Additionally, participation is largely volun-
tary, making it neither transparent nor predictable for grid operators. We introduce
demand bidding as an innovative approach to enhance the predictability of large
users’ engagement in grid operations, while also achieving an economic equilib-
rium that maximizes benefits for both the grid and electricity consumers.

The simulation case is based on the Texas grid and examines, for the first time,
the impact of demand bidding at the scale of an entire Independent System Oper-
ator, a scope that is far larger than any results available in the open literature. We
analyze a network consisting of 534 generators, 2,000 buses, 861 transformers,
and 2,345 transmission lines, solving the alternating current multi-period optimal
power flow problem. The results provide unexpected insights, such as diminishing

26

27

28

29

31

32

33

34

35

36

37

38

39

40

41



economic benefits as user participation increases, the limiting effects of transmis-
sion infrastructure, and the relatively small impact of new users joining demand
bidding programs on existing participants.

KEYWORDS

demand bidding, power grid, optimal power flow

INTRODUCTION

About one third of anthropogenic CO, emissions are related to electricity genera-
tion™. It is therefore imperative to expand the presence of renewable resources in
the global power generation portfolio, and significant progress has been made in
this direction. Power generation rates from wind and solar photovoltaics are highly
variable across hourly, daily, and seasonal timescales. Renewable capacity ex-
pansion thus challenges the operators of the power grid, whose chief mission is to
ensure that electricity supply meets electricity demand (itself highly variable) at all
times.

Recognizing that renewable resources are only down-dispatchable, with energy
availability generally less than nameplate capacity, the aforementioned challenges
can be addressed by shifting power availability using energy storage and/or by
shifting demand. The installation and operation costs of energy storage systems
that have sufficient capacity to meaningfully impact the operation of the grid remain
high“ in spite of recent technology advances®*. Shifting demand and demand-side
management strategies consist of incentivizing users to adjust their electricity con-
sumption patterns over time. This can be done via, e.g., time of use electricity
pricing, or by providing payments in return for reducing demand when requested
by the grid operator>®. Industrial electricity users are particularly favored for en-
gagement in such programs, given that they present large, localized electrical loads
that are largely independent of daily and seasonal changes in human preferences
and schedules (unlike, e.g., residential homes and commercial buildings).

Industrial demand response initiatives can in principle improve grid reliability
and resource efficiency in energy production”®. Participation in these programs
is, however, voluntary. While users are economically incentivized to reduce their
electricity demand at times when generation capacity is limited (or when overall de-
mand is at a peak), they are not obligated to do so. It is thus reasonable to consider
that these loads remain largely undispatchable and unpredictable, given that their
main purpose is to make their own product(s) and meet their own market demand.
Additionally, if many users simultaneously act on the same electricity price infor-
mation, they are likely to both simultaneously decrease their electricity demand (to
unnecessarily low levels), followed by simultaneously increasing their demand at a
later time to make up for lost production. This can in turn give rise to a new peak
in electricity demand (termed rebound peak), with detrimental consequences on
balancing electricity consumption and generation in the grid.

42

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

7

72

73

74

75

76

77

78

79

80

81

Demand bidding is an emerging paradigm for demand side management, wherebys.

large electricity users are treated akin to (the demand-side version of) genera-
tors®. Generators operate in an electricity market, where they have the opportunity
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to offer (bid) generation capacity and specify the corresponding unit price (dol-
lars/MWh), typically at hourly intervals over the course of a time horizon (usually
24 hours) in the future. The market is cleared (i.g., prices are settled and produc-
tion is allocated to each generator) at a pre-set time each day.

In demand bidding, rather than rely on (the forecasts of) electricity prices to
make decisions regarding production, users submit time-dependent requests (bids)
for electricity consumption (specifying required power level and price they are will-
ing to pay). This approach enables users to directly participate in the electricity
market and potentially set the market price. From a grid perspective, demand bid-
ding provides a mechanism for managing demand more reliably and allows for
increased transparency and predictability in the behavior of large users. In turn,
this can increase the capacity of the grid to absorb and utilize electricity generated
by renewable sources.

Existing work on demand bidding (e.g., Li et al.¥, Ruan et al.'%, and Mohsenian-
Rad™), whether focusing on the day-ahead or real-time market, assumes that the
loads are market participants that (i) are too small to affect prices (i.e., price takers
in the sense of economics), and (ii) have a forecast of future prices. This allows
a load to schedule its operation over a certain time horizon to maximize an eco-
nomic criterion based on the price forecast. Kohansal et al."@ proposed a general
scenario-based stochastic optimization framework for price-maker economic bid-
ding. In our recent work™3, we posited that demand bidding should be used to maxi-
mize a welfare function (i.e., benefit all participants in the electricity market) defined
by the difference between revenue obtained from selling bidding entity products
and the total cost of generating power over the time horizon considered. Under
this paradigm, large users contribute to price formation and are rewarded through
lower energy costs accordingly for their efforts in supporting grid operations. Cur-
rently, U.S. Independent System Operators (ISOs) provide certain mechanisms for
demand bidding market participation, such as the market formulation by the Mid-
continent 1ISO (MISO)"%. However, these mechanisms lack harmonization across
ISOs, often involve complex administrative and metrology requirements, and may
not incorporate essential design features for scheduling electricity consumption in
industrial processes. For example, they might not include constraints to ensure ad-
equate electricity delivery to plants over a day or support long-term scheduling for
multi-day operations or labor planning, which could hinder participant engagement.

To the best of our knowledge, demand bidding concepts have been tested with
relatively small systems (e.g., 200-2000 variables in4), that are conceptually rep-
resentative of but not practically relevant for existing power grids. Nevertheless,
these studies (e.g., Tang et al."¥) have revealed that demand bidding by a single
entity can have grid-wide effects, altering the optimal operation of generators and
batteries that are not necessarily proximate to the load.

Motivated by the above, in this work we report on the results of a grid-scale case
study aimed at probing the impact of demand bidding. We present a mechanism
for demand bidding based on a novel multi-period (MP) alternating current (AC)
optimal power flow (OPF) problem formulation. We use a synthetic grid structure
in the footprint of the system operated by the Electricity Reliability Council of Texas
(ERCOT) to explore grid-wide effects associated with increasing the presence of
bidding loads (as a proportion of the total system load). Our results reveal that
the economic benefits of demand bidding decline asymptotically as the proportion
of qualified entities that engage in such programs increases. Transmission line
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Figure 1: A 2000-bus synthetic grid on the footprint of Texas'>*8. The orange
thickened lines, purple lines, black lines, and green lines represent 500, 230, 161
and 115 kV transmission lines respectively. The black squares indicate buses.

and transformer capacity constraints become the limiting factors, revealing that
expanding the transmission infrastructure is key to engaging more demand-side
participation. At the same time, we find that demand bidding does not substantially
alter the optimal operation of other existing bidding entities when the number of
bidders increases (along with the corresponding load).

RESULTS

A mechanism for users to submit electricity demand bids

The power grid is a network of power generators, transformers, transmission lines,
and buses where users with different and time-varying power demands are con-
nected (Figure [1). The operational goal is to ensure that power supply equals
power demand at any time instant, and that this goal is met at a minimum cost
(typically computed over a finite time horizon #). The degrees of freedom typi-
cally available to meet the operational goal are the power generation levels of each
of the connected generators. The cost comprises variable costs related to power
generation, operating personnel, etc.

Grid operators address this task by formulating and solving an optimization
problem referred to as the Optimal Power Flow (OPF) problem (Equation [).
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H}Din total generation cost 1a)

g

(
subject to power supply = power demand ateachbus : X (1b)
P, < P, < PR for all generators (1c)
power transmitted < maximum capacity for all lines (1d)
total generation cost =
integral of(P, - generation cost) for H (1e)

In addition to the constraint on meeting power demand at all buses (Equation
[1b), the OPF includes upper and lower limits on generation rates by each gener-
ator (Equation [Tc), as well as capacity limits on transmission lines (Equation [1d).
Additional constraints on the speed of change of generation rates in time (ramp
rates), thermal limits on equipment such as transformers, etc. can be included. We
adopt a multi-period (MP) alternating current (AC) OPF problem formulation, based
on the single-period security-constrained AC OPF setup introduced by ARPA-E12.
The structure of the OPF problem is illustrated in the EXPERIMENTAL PROCE-
DURES| Section. A full model description is available in references1920,

The solution P,* provides the generation rate for each generator at each time
point in the time horizon H. The Lagrange multiplier A of the power balance con-
straint at each bus (Equation represents the locational marginal price (LMP).
The LMP reflects the cost of delivering one unit of electrical energy at the corre-
sponding bus, and is assumed to be the price to be paid by a user connected to
that bus. This price is utilized by each participant to determine their production
schedules by solving an optimization problem of the type:

mpin total electricity cost (2a)
subject to total production > product demand for H (2b)
production rate = P - production system efficiency (2¢)

total production = integral of production rate for H (2d)

total electricity cost = integral of (P - \) for H (2e)

The LMP is reflected in the total electricity cost (Equation [2€), which is also
assumed to reflect the total production cost in this case. The solution P* then rep-
resents the power demand schedule of the user over the time horizon #, which in
turn dictates the production schedule. These participants therefore self-schedule
their production, and are key to what is referred to as “demand response (DR),’
a demand-side participation mechanism comprising short-term change in opera-
tional patterns or schedules of electricity users (the demand) in response to elec-
tricity prices.

The OPF (Equation and DR (Equation problems can be viewed as a
leader-follower (Stackelberg) game. This game admits an equilibrium, i.e., a pair of
solutions (P,*, P*) where both the leader (the grid) and the followers (the electricity
users) maximize their benefit. Under certain assumptions (notably, the convex-
ity of the OPF (Equation [1) and DR (Equation |2) problems), this equilibrium is
unique#?2, However, when a non-convex AC OPF (Equation [1) is considered,
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the Stackelberg equilibrium must be determined computationally using an iterative
procedure (alternating between solving the OPF for the leader and the DR problem
for the followers) and its uniqueness cannot be proved analytically=.

In contrast to the sequential nature of this Stackelberg game, demand bidding
(DB) aims to simultaneously maximize benefits for both the grid and the users.
This is achieved by solving an optimization problem of the form:

%5% total generation cost — production revenue (3a)
subject to power supply = power demand at all buses (3b)
P,"™ < P, < P,/™*  for all generators (3c)
power transmitted < maximum capacity for all lines (3d)

total generation cost =
integral of(P, - generation cost) for H (3e)
total production > product demand for H (3f)
production rate = P - production system efficiency (39)
total production = integral of production rate for H (3h)

production revenue =

total production - product price (3i)

The objective (Equation captures the welfare of the overall system, subject
to the combined constraints of the OPF and DR problems. The bidding aspect con-
sists of treating generators and users/loads in a uniform manner. In DB, both types
of entities achieve the optimal tradeoff between power (via the generation rates P,,
and consumption rates P, respectively) and cost (represented by the two elements
of the objective function), while satisfying demand constraints for power (Equations
3b) and manufactured product (Equation 3h). Operational constraints specific to
each system are accounted for. The solution [P, P]* of (Equation [3) thus naturally
represents an equilibrium where the benefits of the grid (lowest generation cost)
and users (lowest production cost) are maximized.

A case study in the footprint of the Texas grid

A synthetic grid that follows the footprint of the U.S. State of Texas and approxi-
mately mimics its transmission system (with 500, 230, 161, and 115 kV transmis-
sion lines) is used'>8. The network consists of 2000 buses, 1350 loads, 2345
lines, 861 transformers, and 544 generators (432 of which are active during the
time horizon considered), as shown in Figure [l We consider a time horizon H of
24 hours with hourly time intervals ¢. Unit commitment decisions are not included
(meaning that generators are not turned on or off, but rather their generation rates
can vary between a minimum and a maximum level). The cost of generating elec-
tricity for each generator varies as a function of the generation rate, as described
in the section.

Several generation cost scenarios are considered (ranging from “cheap” to “ex-
pensive”, with the former reflecting a high presence of renewables and the latter
being representative of a predominantly fossil fuel-based generation portfolio). An
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AC representation is used, including thermal limits and power flow constraints for
transmission lines and transformers. The formulation details are included in the
RIMENTAL PROCEDURES| Section.

The load (electricity demand) is modeled after data gathered from the Texas
grid operator, ERCOT"18, The synthetic grid is divided into eight zones that reflect
the geographical distribution of the ERCOT grid. A year-long total demand signal
with hourly time intervals is defined for each zone based on the corresponding
ERCOT demand data. The hourly load at each bus is computed by using a load
distribution ratio based on a snapshot of bus load distribution taken at a reference
time. The total load of the system ranges between 25,379 MW and 72,903 MW.
The model is agnostic to the type of load (residential, commercial or industrial).

We model industrial entities that engage in demand bidding in a similar fashion
as Tang et al.™®, who considered a chlor-alkali plant with a nominal load of 50 MW
as a prototypical large electric load. Bidding load information includes maximum
and minimum power demand values (35 MW and 70 MW, respectively), process
efficiency, unit revenue and production ramping limits as described in Equation
and in the EXPERIMENTAL PROCEDURES| section.

The buses with the largest minimum hourly load (throughout the year) are se-
lected as candidates for locating bidding entities. A bidding entity is assumed to
replace (a portion of) the existing load, up to the maximum power demand of 70
MW. We also assume that there is at most one bidding entity per bus.

In our numerical experiments, the number of bidding entities is increased grad-
ually, starting from the highest load bus and continuing to the next highest, etc.
For the purpose of quantifying the evolution of this process, we introduce the bid-
ding ratio R, as the ratio of the total nominal load of the bidding entities and the
minimum yearly grid load. Specifically:

R Number of bidding entities - Nominal load
" 25,379 MW

(4)

The increase of R, is studied in two circumstances: with and without transmis-
sion line and transformer constraints. The intent in the latter case is to discern
the impact of the grid structure on demand bidding. Eliminating transmission line
and transformer constraints amounts to approximating the entire grid as being con-
nected to a single bus with infinite transmission capacity.

The synthetic grid model'”*® originally includes 118 generators with zero gener-
ation cost (out of 544 generators). Specifically, the generation cost is zero regard-
less of the power generation levels. In our study, we consider these 118 generators
under two economic circumstances: the original, zero-cost case, and a case where
the generation cost is non-zero, i.e., linearly increasing costs from 0 $/MWh to 1000
$/MWh over the nameplate capacity of the generators, which allows us to probe
the impact of demand bidding on the operation patterns of generation resources
as a function of cost.

For the purpose of this study, a subset of 15 days was selected from the year-
long data set. One day was selected randomly from each calendar month. Two
days corresponding to the overall minimum and maximum daily energy demand
(days 87 and 224, respectively), and one day (day 95) corresponding to the overall
minimum power demand, were included in the set to capture extreme conditions
(Note that day 224 was also the day of maximum overall power demand).
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Demand bidding lowers overall generation cost

=17.2 =17.2
§17.1 §17.1
?17.0 {'H * f ?17.0
E 16.9 {H.}+++}+i;{ g 16.9
[0 [0]
©16.8 D16.81 11t tpeedeestednnnd i Lo ]
%167 %167 M } b4 fed ! S SN A S S .
° o
> >
‘“16'666’3{\,@‘\/&3“30‘;}V§3‘QQ‘?‘9 “16'66§v\,3:w(§;o:(g>v§:b‘gaco
ISEES PSP ZE SIS PR SR SV INE PO EPN SRS SPAR SPNRS
bidding ratio bidding ratio
a) b)

Figure 2: Generation cost for the maximum energy demand day (day 224) in the
transmission-constrained case (a) and unconstrained case (b). The shaded area
represents the range of generation costs for all generators, while the mean is rep-
resented by the dashed line. The whiskers capture the standard deviation.
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Figure 3: Average generation costs in the transmission-constrained case (a) and
unconstrained case (b). The shaded area represents the range of generation costs
for all generators, while the mean is represented by the dashed line. The whiskers
capture the standard deviation.

We observe that increasing the bidding ratio R, results in decreasing the overall
generation cost (Figure [2). This effect is more pronounced when there are no
transmission constraints (Figure[2p), an intuitive result given that in this case power
can be delivered as needed, from any generator to any load. The generation cost
benefits of increasing the bidding ratio R, appear to plateau once R, > 0.4 in both
cases, since system flexibility is limited by generator capacity and transmission
constraints.

The observations above pertain to the highest-load day (Figure [2), but are valid
for all the days in our study, as shown in Figure (3| (where the generation cost of the
zero-cost generators was set to zero). We point out that on some days the number
of buses with loads large enough to be replaced by the bidding entity we described
above was quite low, which limited the value to which R, could be increased. For
day 87 (lowest overall energy demand), the maximum achievable bidding ratio was
R, = 0.13, and the data for all days are plotted up to this value only.
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Demand bidding provides load shifting without rebound peaks
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Figure 4: Hourly average (over all buses and all days) locational marginal price
(LMP) profiles as a function of the bidding ratio R, for the case of zero (a)
and non-zero (b) unit generation cost for the 118 originally zero-cost generators.
Transmission-constrained scenario.

The observations above confirm that demand bidding reduces overall genera-
tion cost. Here, we zoom in on its daily impact. As seen in Figure [4}, increasing
the bidding ratio has a “peak-shaving” and “valley-filling” effect. That is, locational
marginal prices during peak hours are reduced, while prices during off-peak hours
increase. This effect is less pronounced when the cost of power generation in-
creases (Figure [4), which can be explained by the fact that the impact of genera-
tion rates on cost is lower and there are thus fewer degrees of freedom available
to lower overall cost.

We also note that there are no apparent rebound peaks in the cost profiles,
which attests to the fact that an equilibrium is reached between the leader and
follower entities as described above.

Increased demand bidding does not substantially alter the be-
havior of participating entities
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Figure 5: Average power demand profiles for the bidding loads as a function of
R, assuming zero-cost generators are present, with and without transmission con-
straints.
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Figure 5] shows the average power demand profiles of the demand bidding enti- s
ties for each of the 15 days considered in the study. We note that these profiles do s
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not change substantially as the bidding ratio increases, suggesting that the opera-
tion (i.e., production schedules) of the entities that already use demand bidding are
not impacted much by other additional entities engaging in demand bidding. The
changes in demand profile are more pronounced during the early hours of the day,
and more evident for the transmission constrained case. This can be explained by
the fact that (other) grid demand is at its lowest during this time interval, and as a
consequence there is more flexibility for large industrial loads to operate. The pat-
terns revealed in this figure are consistent with the discussion provided for Figure
[] in that they show that the bidding ratio has a peak shaving effect on the bidding
entities themselves.

Transmission capacity limits the benefits of demand-side par-
ticipation

Figures [6] and [9 help visualize the constraints related to transmission lines
and transformers. As the bidding ratio increases (in the interest of clarity, we only
show the cases of R, = 0 and R, = 0.13 for Day 1, cases of R, = 0.4 and R, =
0.45 are added for Day 224 to show the plateau), the set of active constraints
changes as well. The data indicate that the number of active constraints changes
substantially up to a certain point (R, > 0.4 in this case study), demonstrating that
transmission and transformer capacity constraints are key limitations in expanding
the benefits of demand bidding. The results shown in the figure only reflect one
day of operation (Day 1 or Day 224) but similar effects were observed for all the
other days.

[0, 0] x [0, 1000]

Rb= 0.0 Rp_—,: 0.13
24 = 24]
x
20 201
x x
161 = 164 =
— x x
Sk :
L X
o 121 121
=
8 8
4 44
0 ; . . . . ; 0 , . . . . .
340 360 380 400 420 440 340 360 380 400 420 440
line # line #

Day 1

Figure 6: Evolution of active transmission line constraints as a function of bid-
ding ratio R, for Day 1. The case of zero-cost generators is shown in red circles,
whereas the case of non-zero cost generators is shown in blue crosses. For a
given transmission line (abscissa), the presence of a circle or a cross means that
the line power transmission capacity constraint is active at a given time interval
(shown on the ordinate).
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Figure 7: Evolution of active transformer capacity constraints as a function of bid-
ding ratio R, for Day 1. The case of zero-cost generators is shown in red circles,
whereas the case of non-zero cost generators is shown in blue crosses. For a
given transformer line (abscissa), the presence of a circle or a cross means that
the transformer maximum power constraint is active at a given time interval (shown
on the ordinate).
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Figure 8: Evolution of active transmission constraints as a function of bidding ratio
R, for Day 224. The case of zero-cost generators is shown in red circles, whereas
the case of non-zero cost generators is shown in blue crosses. For a given trans-
mission line (abscissa), the presence of a circle or a cross means that the line
power transmission capacity constraint is active at a given time interval (shown on
the ordinate).
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Figure 9: Evolution of active transformer capacity constraints as a function of bid-
ding ratio R, for Day 224. The case of zero-cost generators is shown in red circles,
whereas the case of non-zero cost generators is shown in blue crosses. For a
given transformer line (abscissa), the presence of a circle or a cross means that
the transformer maximum power constraint is active at a given time interval (shown
on the ordinate).

DISCUSSION

This is the first (to our knowledge) study to explore the impact of demand bidding
on the operation of the power grid at a practically relevant scale. As a mechanism
for demand-side participation, demand bidding is a natural way to reach an equi-
librium between two entities - the grid (as the leader) and the electricity users (the
followers). The demand bidding mechanism proposed here is based on a modified
formulation of the optimal power flow problem, and aims to maximize an overall
welfare function. It has the benefit of converging to an equilibrium, assuming that
the problem is feasible, without requiring an iterative procedure as has been dis-
cussed in the literature.

The numerical study performed here reveals several benefits of demand bid-
ding. First, it reduces the overall power generation cost by about 1% (whether
transmission constraints are present or not). Second, it avoids the recognized dis-
advantages of other demand-side participation approaches, such as the appear-
ance of rebound peaks in demand. These results are not unexpected. However,
our study provides several unique and remarkable insights. First, the benefits of
demand bidding tend to wane as the proportion of eligible users that choose to
participate (i.e., the bidding ratio R, increases. The implication of this finding is
that there is no incentive for (or no need to) expand such demand-side participa-
tion beyond a certain number of users, or to seek the engagement of all eligible
users. Second, engagement on the side of the users themselves is likely to be un-
eventful relative to e.g., demand response, in the sense that the operating patterns
will likely not be significantly different. More importantly, the operating patterns of
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bidding entities are unlikely to be significantly affected by the participation of other
entities in demand bidding. In other words, a user can remain confident that their
own operations will not be significantly affected by future adopters joining the de-
mand bidding program. Last but not least, the computational results provide a path
for planning grid capacity expansion, particularly in terms of fortifying transmission
lines and transformers. Studies that simultaneously dispatch generation capacity
and demand flexibility, like this one, can reveal the lines and transformers that are
expected to represent bottlenecks in the expansion of demand-side participation
programs, and that should be prioritized for upgrade and/or replacement by grid
operators and utilities.

Limitations of the study

The present study does not consider unit commitment decisions, which are an im-
portant part of grid operations. Specifically, unit commitment decisions pertain to
timing the shut-down and start-up cycles of generators, and include considerations
related to start-up timing from a “cold” or “warm” condition, minimum downtime
between shut-down and start-up, etc. These considerations involve binary deci-
sions, which complicate the problem in Equation [f] Nevertheless, we believe that
our findings are broadly valid and would remain true if unit commitment were to be
taken into account.

We assume that the bidding entity generates a single saleable product (in this
case, chlorine). Nevertheless, there are practical cases where this entity may gen-
erate multiple products (each with its own price and energy consumption character-
istics) subject to some overall energy and material balance constraints. Accounting
for these features would complicate the optimization problem in Equation 3, but we
believe that the findings of our study would not be fundamentally different.

Our models of the bidding entity do not explicitly account for any equipment con-
straints (although a ramp rate constraint is imposed to limit the speed at which pro-
cess parameters can change). In practice, it is likely that more elaborate/detailed
constraints should be included to reflect specific concerns regarding the impact of
highly variable operation on equipment wear and tear or service life.

We also recognize that the demand bidding problem (Equation [3) does involve
a level of information exchange between the leader and follower entities (including
information regarding product demand, product price and process efficiency) that
is currently not the norm in industry. However, we believe that this exchange can
occur with the appropriate protections in place, that obfuscate this information from
the public and exempt it from disclosure.

EXPERIMENTAL PROCEDURES

Demand bidding AC OPF formulation

The basis for formulating the demand bidding problem (Equation (3)) is a multi-
period AC OPF. In turn, this problem is constructed by extending the single-period
security-constrained AC OPF formulation described in detail in1®. The model is
described conceptually below.
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In this model, the objective function to be minimized is a summation of genera-
tion GC and penalty costs PC' (5b). This setup allows for real and reactive power
nodal violations, as well as branch (transmission line and transformer) overload-
ing, which are penalized at costs that are much higher than operating costs. The
penalties (o) are summed (according to with coefficients calculated from input
data). The operating cost is the sum of the generation cost of all generators ((5h),
where GC, is calculated using (7)) as described later. Decision variables including
active and reactive generation rates (FP,, ),) for all generators (G), as well as ac-
tive and reactive branch power flows at origin (P.,, Q.,) and destination (F.,, Q.,)
bus e, for all e in the set B of lines and transformers. Voltage magnitude v,, and
angle 6,, at each bus n in the set V' are also decision variables. All the variables
are bounded by minimum and maximum capacities as shown in Equations to
(50). Finally, our AC OPF formulation includes soft constraint violation: o, ,, o,.,, for
active and reactive power balances at each n € N, and o.,, o, for line/transformer
thermal limit constraints for each e € B. We denote the vector of all these decision
variables generically by z.

iy B8 ey ) ©2
st. f(x) =GC(x) + PC(x) (5b)
Pun(z)= Y Py=Ppn—Govi— Y P.=0,, YneN (50
g€G(n) ecB(n)
Qra(®) = Y Q= Qpn—Biv,— Y Qc=0,, YneN (5d)
9€G(n) ecB(n)
P.,=P,.(z) = PAU;_ + PP v,, , cos(f,) + Pcveivesﬂ. sin(6,)

Vee B,ie{l,2} (5e)
Qe, = Qre(z) = QM2 + QPve,ve,_, c08(6e) + Q Ve, Ve, _, sin(6,)

Vee B,ic{l,2} (5f)
P>+ Q2 < (Rv, +o.) VeeB,ic{l,2} (59)
GC(z) =Y GC, (5h)

geg
PC(z) =C(o) =Y _(PC*02, + PCP0,, + PC*s}, + PCP0,,)
neN

+ Y (PC*? + PCP0.,) (5i)

ity

Pyt < Py < Pt Vgeg (5))
QY < Q< Qr Vgeg (5K)
Pt < P, < P VeeB,ie{1,2} (51)
min < Q. < QM Ve Bie (1,2} (5m)
VM < g, <M YneN (5n)
grin < g, < 0" YN e N (50)
(9

The active and reactive power balance at each bus (n € N') are modeled in
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and (5d). The active power balance at node n reflects the active power generation
of all generators at the node (G(n)), active power demand, shunt conductance (G?)
with bus voltage (v,), power injected to branches with origin or destination termi-
nals at node n (B(n)). The reactive power balance is defined similarly with shunt
admittance (B%). Power flow and thermal limit constraints for all branches (B, in-
cluding lines and transformers) are captured in (5€), (5f), and (5g). The active or
reactive power of lines and transformers are calculated from voltage magnitudes
(v), voltage angles (), and coefficients related to device characteristics. The index
1 indicates whether the bus is the origin or the destination for the branch e (i = 1 for
origin and ¢ = 2 for destination). The voltage magnitudes v; and v, are at the origin
and destination buses, respectively. The voltage angle for branch e (6.) is calcu-
lated from difference of origin and destination bus voltage angles. As described in
(5g), the active and reactive power of lines and transformers are constrained by a
squared summation of bus voltages and penalty terms. For thermal limits, R is the
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thermal rating for the line or transformer at the branch e.

T

—GRQSPg7t—Pg7t+1§GRg VgEQ,tE[l,T—l] (6|’

Pameqp, R 223 fi( Py, 2) (6a)

st fi(Pue, ) = GC(y) + PCy(Py, ) — Ri(Pry) (6b)

Popi(m) = Y Py=0gne YneNte(LT] (6¢)

leL(n)

Qrnt(T) = 0ppy YneN tel[l,T] (6d)

Pt =Pae(vy) VeeByie{l,2},tell,T] (6e)

Qeit = Pre,t(z1) VeeByie{1,2},te[l,T) (6f)
P2+ Q2 < (Ruey+0e,4)* VeeBic{1,2},te[1,T]

(69)

GCi(x) = GCyy Vte[LT] (6h)

geg

PCy(x;) = C(oy) Vte[l,T] (6i)

Pt < Py <P Vge g tell,T) (6)

Q" < Qgu < QI VgeG,tell,T) (6k)

P < P, <P YeeB,ie{l,2},te1,T] (6l)

T < Qe < QU Ve e Byie{1,2},t € [1,T] (6m)

v < vy <M YN e NGt e [1L,T] (6n)

O < 0, <O VN e Nt e[1,T] (60)

Pt < Py < P Yte [1,T] (6p)

—LR<P;—PFP41 <LR VieLl tell,T—1] (69)

)

PRy = E((P:) Vte|l,T] (6s)

R,(P,) = R,PR, Vte[l,T] (6t)

T
D<) PR <C (6u)
t=1
(&)

As shown in Equation (6), the demand bidding (in AC OPF) model can be gen-
eralized as a minimization problem where the objective function (f;(P,x;)) is a
summation of generation costs, penalty costs, and production revenue over the
whole time horizon (6b). Since the problem is MP, all variables are also indexed
by time ¢. Equations to are the AC OPF constraints (except from active
power balance) in MP form. The active power balance is similar to the reg-
ular balance (5c), except that bidding load/plant power consumption P,; on bus n
is included (I € L(n)); also, the reader should note that the maximum number of
bidding loads on bus n is 1 in this case study. Ramp rate limits for the bidding
plant and generator power levels (P, and F,, respectively) are added separately
as and (6r). Specifically, LR is the ramp rate limit for the bidding plant [ € £
(same for all bidding loads/plants) obtained from specific plant data, and GR is the
ramp rate limit for each generator g € G. The bidding plant production rate is calcu-
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lated from plant power consumption with production efficiency. In other words,
bidding plant production rate can be defined as a function of bidding plant power
PR, = E(P,;), and can be simplified to PR, = nF,; if the production efficiency is a
linear coefficient (n in unit of production per unit energy, e.g., ton/MWh). The total
production revenue can be calculated from total production and unit revenue R,
(with unit of dollars earned per unit production, e.g., $/ton). The total production is
the integral of production rates over time, which should be constrained by demand
(D) and capacity (C) as seen in (6u). This constraint ensures that the production
always satisfies customer demand, and is less than the maximum capacity limit of
the facility. This is of paramount importance for the bidding entities because their
primary goal is to satisfy customer demand rather than keep the power balance.

The MP AC OPF with demand bidding model was implemented in Julia (v1.9)
and solved using the IPOPT (version 3.14.13) solver?¥2>. The runtime varies from
less than ten minutes to about two hours. Since the formulation is nonlinear and
nonconvex, the solver might enter different branches of the algorithm, so no run-
time prediction can be made.

Structure of generation cost function

For each generator g, the cost of power generation is described using a piecewise
linear function that relates the generation cost to the power generation level. The
piecewise-linear functions are described via a set of npairs pairs of parameters
[CostP,,, CostCy ). The power generated by generator g at time point ¢ can be
expressed as

npairs npairs
Goe= Y CostPyy-thy st. Y thy=1 (7a)
h=1 h=1

while the generation cost GC,; is computed as:

npairs

GCyy= Y _ CostCyy, - thy, (7b)

h=1

(7)

The unit generation cost parameters are presented as pairs (Cost P, and CostCy).

In this system, the two parameters have either two or three points. For example,
CostP, = [G*2,GYP] (G*?,GYP are bounds for generator powers) and CostC,, =
[0, 0] for the zero-cost generators. For other generators, CostC, = [GCLE, GCUP],
which means the cost of power generation increases linearly from GC%5 to GCUV®
as the power levels change from GLZ to GUZ, as shown in Figure[10] In addition, for
some generators, CostP, = [GF?,GM GYB] and CostC, = [GCEP . GCM, GCYP),
where they have piecewise linear generation costs, meaning that the generation
cost increases linearly on two generation segments [GXZ, GM] and [GM, GYB].

To demonstrate the how generation cost is calculated, we look at the following
example where CostP, = [50, 200, 250}(M W) and CostC, = [10, 100, 200]($/MWh).
With generation rate G, thy, (th1, the,ths in this case) can be calculated from (7a).
It G,0 = 200MW, thy = 0,th, = 1,ths = 0 is the solution. With this solution,
generation cost GC,, (for the hour t) can be obtained from (/b). In this case,
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0 50 100 150 200 250
CostPg (MW)

Figure 10: The piecewise linear generation cost function for a sample generator
with Cost P, = [50,200, 250](MW) and CostC, = [10, 100, 200]($/MW h).

GC,+ = 100$/MWh. As seen in Figure the generation cost varies linearly be-
tween GCLP = 10$/MW h and GCM = 100$/MW h as generation rate ranges from
GLB = 50MW to GM = 200MW . As generation rate changes from G* = 200M W
to GYB = 250M W, the generation cost increases from GCM = 100$/MWh to
GCUB = 200$/MWh at a higher linear rate. In other words, the parameters pro-
vide the end and elbow points of the generation cost functions.

Generation cost scenarios

In the 2000-bus system, 118 zero-cost generators can produce electricity at no
cost (CostC, = [0, 0]), reflecting renewable energy generators. We also examined
the effect of varying unit generation costs of those zero-cost generators. The val-
ues of CostC, depend on the characteristics of the generators. Aside from the
zero-cost generators, GCLP ranges from about 350 $/MW h to 9,300 $/M W h while
GCYB varies from around 630 $/M W h to 22,900 $/M W h. In the case study, several
sets of the unit generation costs (CostC,) of zero-cost generators are examined:
[0, 0], [0, 100], [0, 1000], [0, 10000]. The case of [0,100] is similar to [0,0], and in the
case of [0, 10000], all "zero-cost” generators are operating at lower limits almost at
all times. Thus, in this work, only results of [0, 0] and [0, 1000] are discussed in the
Section.

Bidding entity characteristics

In previous work™, a chlor-alkali plant was used as the bidding entity for model
validation. The plant characteristics are adopted in this work such that the plant
closely resembles a large industrial load. The key plant parameters are summa-
rized in[Table 1. Bidding entity parameters, The product demand and power limits
represent the scale of the plant. Note for this plant, 10% of overproduction is al-
lowed and used as the upper limit of total daily production. Aside from the lower
and upper limits of the plant power, the production ramping limit (limiting how fast
the production power can ramp up or down) and system efficiency (unit production
per unit electricity consumed) are also important plant power operating parameters.
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In addition, the unit production revenue (derived from production system efficiency

and published product price) is important for the welfare calculation.

Table 1. Bidding entity parameters

Parameter | Value | Unit Definition
i 35 MW Lower limit of plant power
prar 70 MW Upper limit of plant power
LR 35.5 | MW/h Production ramping limit
n 0.5 t Cl, /MWh | Production system efficiency
R, 100 | $/MWh Unit production revenue
D 550 t Cly Daily demand of chlorine
C 605 t Cly Maximum daily production of chlorine

Resource availability

Lead contact

Requests for further information and resources should be directed to and will be

fulfilled by the lead contact, Michael Baldea (mbaldea@che.utexas.edu).

Materials availability

This study did not generate new materials.

Data and code availability

» Our source code is currently in the process of being released for public use
under an open-source license and will be made available publicly shortly.

» Any additional information required to reanalyze the data reported in this pa-

per is available from the lead contact upon request.
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