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SUMMARY 15

We present a mechanism based on electricity demand bidding for engaging large 16

electricity users in the operation of the power grid. We implement this concept 17

in a grid-scale case study using a synthetic grid structure in the footprint of the 18

grid of Texas. The results reveal that the demand bidding lowers overall power 19

generation costs, but economic benefits decline asymptotically as the number of 20

participants increases. Transmission line and transformer capacity constraints be- 21

come the limiting factors, revealing that expanding the transmission infrastructure 22

is key to engaging more demand-side participation. We find that demand bidding 23

does not substantially alter the optimal operation of existing bidding entities when 24

the number of bidders increases. 25

CONTEXT AND SCALE 26

Power grids are increasingly operating under transient conditions, largely due to 27

the expansion of renewable energy generation. Engaging electricity users in grid 28

operations is crucial for ensuring a balanced supply and demand at all times. Cur- 29

rently, user participation is mostly self-driven, with consumers scheduling electricity 30

use based on known or predicted prices. Additionally, participation is largely volun- 31

tary, making it neither transparent nor predictable for grid operators. We introduce 32

demand bidding as an innovative approach to enhance the predictability of large 33

users’ engagement in grid operations, while also achieving an economic equilib- 34

rium that maximizes benefits for both the grid and electricity consumers. 35

The simulation case is based on the Texas grid and examines, for the first time, 36

the impact of demand bidding at the scale of an entire Independent System Oper- 37

ator, a scope that is far larger than any results available in the open literature. We 38

analyze a network consisting of 534 generators, 2,000 buses, 861 transformers, 39

and 2,345 transmission lines, solving the alternating current multi-period optimal 40

power flow problem. The results provide unexpected insights, such as diminishing 41
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economic benefits as user participation increases, the limiting effects of transmis- 42

sion infrastructure, and the relatively small impact of new users joining demand 43

bidding programs on existing participants. 44

KEYWORDS 45

demand bidding, power grid, optimal power flow 46

INTRODUCTION 47

About one third of anthropogenic CO2 emissions are related to electricity genera- 48

tion1. It is therefore imperative to expand the presence of renewable resources in 49

the global power generation portfolio, and significant progress has been made in 50

this direction. Power generation rates from wind and solar photovoltaics are highly 51

variable across hourly, daily, and seasonal timescales. Renewable capacity ex- 52

pansion thus challenges the operators of the power grid, whose chief mission is to 53

ensure that electricity supply meets electricity demand (itself highly variable) at all 54

times. 55

Recognizing that renewable resources are only down-dispatchable, with energy 56

availability generally less than nameplate capacity, the aforementioned challenges 57

can be addressed by shifting power availability using energy storage and/or by 58

shifting demand. The installation and operation costs of energy storage systems 59

that have sufficient capacity to meaningfully impact the operation of the grid remain 60

high2 in spite of recent technology advances3,4. Shifting demand and demand-side 61

management strategies consist of incentivizing users to adjust their electricity con- 62

sumption patterns over time. This can be done via, e.g., time of use electricity 63

pricing, or by providing payments in return for reducing demand when requested 64

by the grid operator5,6. Industrial electricity users are particularly favored for en- 65

gagement in such programs, given that they present large, localized electrical loads 66

that are largely independent of daily and seasonal changes in human preferences 67

and schedules (unlike, e.g., residential homes and commercial buildings). 68

Industrial demand response initiatives can in principle improve grid reliability 69

and resource efficiency in energy production7,8. Participation in these programs 70

is, however, voluntary. While users are economically incentivized to reduce their 71

electricity demand at times when generation capacity is limited (or when overall de- 72

mand is at a peak), they are not obligated to do so. It is thus reasonable to consider 73

that these loads remain largely undispatchable and unpredictable, given that their 74

main purpose is to make their own product(s) and meet their own market demand. 75

Additionally, if many users simultaneously act on the same electricity price infor- 76

mation, they are likely to both simultaneously decrease their electricity demand (to 77

unnecessarily low levels), followed by simultaneously increasing their demand at a 78

later time to make up for lost production. This can in turn give rise to a new peak 79

in electricity demand (termed rebound peak), with detrimental consequences on 80

balancing electricity consumption and generation in the grid. 81

Demand bidding is an emerging paradigm for demand side management, whereby82

large electricity users are treated akin to (the demand-side version of) genera- 83

tors9. Generators operate in an electricity market, where they have the opportunity 84
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to offer (bid) generation capacity and specify the corresponding unit price (dol- 85

lars/MWh), typically at hourly intervals over the course of a time horizon (usually 86

24 hours) in the future. The market is cleared (i.g., prices are settled and produc- 87

tion is allocated to each generator) at a pre-set time each day. 88

In demand bidding, rather than rely on (the forecasts of) electricity prices to 89

make decisions regarding production, users submit time-dependent requests (bids) 90

for electricity consumption (specifying required power level and price they are will- 91

ing to pay). This approach enables users to directly participate in the electricity 92

market and potentially set the market price. From a grid perspective, demand bid- 93

ding provides a mechanism for managing demand more reliably and allows for 94

increased transparency and predictability in the behavior of large users. In turn, 95

this can increase the capacity of the grid to absorb and utilize electricity generated 96

by renewable sources. 97

Existing work on demand bidding (e.g., Li et al.9, Ruan et al.10, and Mohsenian- 98

Rad11), whether focusing on the day-ahead or real-time market, assumes that the 99

loads are market participants that (i) are too small to affect prices (i.e., price takers 100

in the sense of economics), and (ii) have a forecast of future prices. This allows 101

a load to schedule its operation over a certain time horizon to maximize an eco- 102

nomic criterion based on the price forecast. Kohansal et al.12 proposed a general 103

scenario-based stochastic optimization framework for price-maker economic bid- 104

ding. In our recent work13, we posited that demand bidding should be used to maxi- 105

mize a welfare function (i.e., benefit all participants in the electricity market) defined 106

by the difference between revenue obtained from selling bidding entity products 107

and the total cost of generating power over the time horizon considered. Under 108

this paradigm, large users contribute to price formation and are rewarded through 109

lower energy costs accordingly for their efforts in supporting grid operations. Cur- 110

rently, U.S. Independent System Operators (ISOs) provide certain mechanisms for 111

demand bidding market participation, such as the market formulation by the Mid- 112

continent ISO (MISO)14. However, these mechanisms lack harmonization across 113

ISOs, often involve complex administrative and metrology requirements, and may 114

not incorporate essential design features for scheduling electricity consumption in 115

industrial processes. For example, they might not include constraints to ensure ad- 116

equate electricity delivery to plants over a day or support long-term scheduling for 117

multi-day operations or labor planning, which could hinder participant engagement. 118

To the best of our knowledge, demand bidding concepts have been tested with 119

relatively small systems (e.g., 200-2000 variables in12), that are conceptually rep- 120

resentative of but not practically relevant for existing power grids. Nevertheless, 121

these studies (e.g., Tang et al. 13) have revealed that demand bidding by a single 122

entity can have grid-wide effects, altering the optimal operation of generators and 123

batteries that are not necessarily proximate to the load. 124

Motivated by the above, in this work we report on the results of a grid-scale case 125

study aimed at probing the impact of demand bidding. We present a mechanism 126

for demand bidding based on a novel multi-period (MP) alternating current (AC) 127

optimal power flow (OPF) problem formulation. We use a synthetic grid structure 128

in the footprint of the system operated by the Electricity Reliability Council of Texas 129

(ERCOT) to explore grid-wide effects associated with increasing the presence of 130

bidding loads (as a proportion of the total system load). Our results reveal that 131

the economic benefits of demand bidding decline asymptotically as the proportion 132

of qualified entities that engage in such programs increases. Transmission line 133
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Figure 1: A 2000-bus synthetic grid on the footprint of Texas15–18. 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 134

expanding the transmission infrastructure is key to engaging more demand-side 135

participation. At the same time, we find that demand bidding does not substantially 136

alter the optimal operation of other existing bidding entities when the number of 137

bidders increases (along with the corresponding load). 138

RESULTS 139

A mechanism for users to submit electricity demand bids 140

The power grid is a network of power generators, transformers, transmission lines, 141

and buses where users with different and time-varying power demands are con- 142

nected (Figure 1). The operational goal is to ensure that power supply equals 143

power demand at any time instant, and that this goal is met at a minimum cost 144

(typically computed over a finite time horizon H). The degrees of freedom typi- 145

cally available to meet the operational goal are the power generation levels of each 146

of the connected generators. The cost comprises variable costs related to power 147

generation, operating personnel, etc. 148

Grid operators address this task by formulating and solving an optimization 149

problem referred to as the Optimal Power Flow (OPF) problem (Equation 1). 150
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min
Pg

total generation cost (1a)

subject to power supply = power demand at each bus : λ (1b)

Pg
min ≤ Pg ≤ Pg

max for all generators (1c)
power transmitted ≤ maximum capacity for all lines (1d)
total generation cost =

integral of(Pg · generation cost) for H (1e)

In addition to the constraint on meeting power demand at all buses (Equation 151

1b), the OPF includes upper and lower limits on generation rates by each gener- 152

ator (Equation 1c), as well as capacity limits on transmission lines (Equation 1d). 153

Additional constraints on the speed of change of generation rates in time (ramp 154

rates), thermal limits on equipment such as transformers, etc. can be included. We 155

adopt a multi-period (MP) alternating current (AC) OPF problem formulation, based 156

on the single-period security-constrained AC OPF setup introduced by ARPA-E19. 157

The structure of the OPF problem is illustrated in the EXPERIMENTAL PROCE- 158

DURES Section. A full model description is available in references19,20. 159

The solution Pg
∗ provides the generation rate for each generator at each time 160

point in the time horizon H. The Lagrange multiplier λ of the power balance con- 161

straint at each bus (Equation 1b) represents the locational marginal price (LMP). 162

The LMP reflects the cost of delivering one unit of electrical energy at the corre- 163

sponding bus, and is assumed to be the price to be paid by a user connected to 164

that bus. This price is utilized by each participant to determine their production 165

schedules by solving an optimization problem of the type: 166

min
P

total electricity cost (2a)

subject to total production ≥ product demand for H (2b)
production rate = P · production system efficiency (2c)
total production = integral of production rate for H (2d)
total electricity cost = integral of (P · λ) for H (2e)

The LMP is reflected in the total electricity cost (Equation 2e), which is also 167

assumed to reflect the total production cost in this case. The solution P∗ then rep- 168

resents the power demand schedule of the user over the time horizon H, which in 169

turn dictates the production schedule. These participants therefore self-schedule 170

their production, and are key to what is referred to as “demand response (DR),” 171

a demand-side participation mechanism comprising short-term change in opera- 172

tional patterns or schedules of electricity users (the demand) in response to elec- 173

tricity prices. 174

The OPF (Equation 1) and DR (Equation 2) problems can be viewed as a 175

leader-follower (Stackelberg) game. This game admits an equilibrium, i.e., a pair of 176

solutions (Pg
∗,P∗) where both the leader (the grid) and the followers (the electricity 177

users) maximize their benefit. Under certain assumptions (notably, the convex- 178

ity of the OPF (Equation 1) and DR (Equation 2) problems), this equilibrium is 179

unique21,22. However, when a non-convex AC OPF (Equation 1) is considered, 180
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the Stackelberg equilibrium must be determined computationally using an iterative 181

procedure (alternating between solving the OPF for the leader and the DR problem 182

for the followers) and its uniqueness cannot be proved analytically23. 183

In contrast to the sequential nature of this Stackelberg game, demand bidding 184

(DB) aims to simultaneously maximize benefits for both the grid and the users. 185

This is achieved by solving an optimization problem of the form: 186

min
Pg ,P

total generation cost − production revenue (3a)

subject to power supply = power demand at all buses (3b)

Pg
min ≤ Pg ≤ Pg

max for all generators (3c)
power transmitted ≤ maximum capacity for all lines (3d)
total generation cost =

integral of(Pg · generation cost) for H (3e)
total production ≥ product demand for H (3f)
production rate = P · production system efficiency (3g)
total production = integral of production rate for H (3h)
production revenue =

total production · product price (3i)

The objective (Equation 3a) captures the welfare of the overall system, subject 187

to the combined constraints of the OPF and DR problems. The bidding aspect con- 188

sists of treating generators and users/loads in a uniform manner. In DB, both types 189

of entities achieve the optimal tradeoff between power (via the generation rates Pg, 190

and consumption rates P, respectively) and cost (represented by the two elements 191

of the objective function), while satisfying demand constraints for power (Equations 192

3b) and manufactured product (Equation 3h). Operational constraints specific to 193

each system are accounted for. The solution [Pg P ]∗ of (Equation 3) thus naturally 194

represents an equilibrium where the benefits of the grid (lowest generation cost) 195

and users (lowest production cost) are maximized. 196

A case study in the footprint of the Texas grid 197

A synthetic grid that follows the footprint of the U.S. State of Texas and approxi- 198

mately mimics its transmission system (with 500, 230, 161, and 115 kV transmis- 199

sion lines) is used15–18. The network consists of 2000 buses, 1350 loads, 2345 200

lines, 861 transformers, and 544 generators (432 of which are active during the 201

time horizon considered), as shown in Figure 1. We consider a time horizon H of 202

24 hours with hourly time intervals t. Unit commitment decisions are not included 203

(meaning that generators are not turned on or off, but rather their generation rates 204

can vary between a minimum and a maximum level). The cost of generating elec- 205

tricity for each generator varies as a function of the generation rate, as described 206

in the EXPERIMENTAL PROCEDURES section. 207

Several generation cost scenarios are considered (ranging from “cheap” to “ex- 208

pensive”, with the former reflecting a high presence of renewables and the latter 209

being representative of a predominantly fossil fuel-based generation portfolio). An 210
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AC representation is used, including thermal limits and power flow constraints for 211

transmission lines and transformers. The formulation details are included in the 212

EXPERIMENTAL PROCEDURES Section. 213

The load (electricity demand) is modeled after data gathered from the Texas 214

grid operator, ERCOT17,18. The synthetic grid is divided into eight zones that reflect 215

the geographical distribution of the ERCOT grid. A year-long total demand signal 216

with hourly time intervals is defined for each zone based on the corresponding 217

ERCOT demand data. The hourly load at each bus is computed by using a load 218

distribution ratio based on a snapshot of bus load distribution taken at a reference 219

time. The total load of the system ranges between 25,379 MW and 72,903 MW. 220

The model is agnostic to the type of load (residential, commercial or industrial). 221

We model industrial entities that engage in demand bidding in a similar fashion 222

as Tang et al.13, who considered a chlor-alkali plant with a nominal load of 50 MW 223

as a prototypical large electric load. Bidding load information includes maximum 224

and minimum power demand values (35 MW and 70 MW, respectively), process 225

efficiency, unit revenue and production ramping limits as described in Equation 3 226

and in the EXPERIMENTAL PROCEDURES section. 227

The buses with the largest minimum hourly load (throughout the year) are se- 228

lected as candidates for locating bidding entities. A bidding entity is assumed to 229

replace (a portion of) the existing load, up to the maximum power demand of 70 230

MW. We also assume that there is at most one bidding entity per bus. 231

In our numerical experiments, the number of bidding entities is increased grad- 232

ually, starting from the highest load bus and continuing to the next highest, etc. 233

For the purpose of quantifying the evolution of this process, we introduce the bid- 234

ding ratio Rb as the ratio of the total nominal load of the bidding entities and the 235

minimum yearly grid load. Specifically: 236

Rb =
Number of bidding entities · Nominal load

25,379 MW
(4)

The increase of Rb is studied in two circumstances: with and without transmis- 237

sion line and transformer constraints. The intent in the latter case is to discern 238

the impact of the grid structure on demand bidding. Eliminating transmission line 239

and transformer constraints amounts to approximating the entire grid as being con- 240

nected to a single bus with infinite transmission capacity. 241

The synthetic grid model17,18 originally includes 118 generators with zero gener- 242

ation cost (out of 544 generators). Specifically, the generation cost is zero regard- 243

less of the power generation levels. In our study, we consider these 118 generators 244

under two economic circumstances: the original, zero-cost case, and a case where 245

the generation cost is non-zero, i.e., linearly increasing costs from 0 $/MWh to 1000 246

$/MWh over the nameplate capacity of the generators, which allows us to probe 247

the impact of demand bidding on the operation patterns of generation resources 248

as a function of cost. 249

For the purpose of this study, a subset of 15 days was selected from the year- 250

long data set. One day was selected randomly from each calendar month. Two 251

days corresponding to the overall minimum and maximum daily energy demand 252

(days 87 and 224, respectively), and one day (day 95) corresponding to the overall 253

minimum power demand, were included in the set to capture extreme conditions 254

(Note that day 224 was also the day of maximum overall power demand). 255
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Demand bidding lowers overall generation cost 256

(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.

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 Rb results in decreasing the overall 257

generation cost (Figure 2). This effect is more pronounced when there are no 258

transmission constraints (Figure 2b), an intuitive result given that in this case power 259

can be delivered as needed, from any generator to any load. The generation cost 260

benefits of increasing the bidding ratio Rb appear to plateau once Rb > 0.4 in both 261

cases, since system flexibility is limited by generator capacity and transmission 262

constraints. 263

The observations above pertain to the highest-load day (Figure 2), but are valid 264

for all the days in our study, as shown in Figure 3 (where the generation cost of the 265

zero-cost generators was set to zero). We point out that on some days the number 266

of buses with loads large enough to be replaced by the bidding entity we described 267

above was quite low, which limited the value to which Rb could be increased. For 268

day 87 (lowest overall energy demand), the maximum achievable bidding ratio was 269

Rb = 0.13, and the data for all days are plotted up to this value only. 270
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Demand bidding provides load shifting without rebound peaks 271

(a) (b)

Figure 4: Hourly average (over all buses and all days) locational marginal price
(LMP) profiles as a function of the bidding ratio Rb 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- 272

tion cost. Here, we zoom in on its daily impact. As seen in Figure 4, increasing 273

the bidding ratio has a “peak-shaving” and “valley-filling” effect. That is, locational 274

marginal prices during peak hours are reduced, while prices during off-peak hours 275

increase. This effect is less pronounced when the cost of power generation in- 276

creases (Figure 4), which can be explained by the fact that the impact of genera- 277

tion rates on cost is lower and there are thus fewer degrees of freedom available 278

to lower overall cost. 279

We also note that there are no apparent rebound peaks in the cost profiles, 280

which attests to the fact that an equilibrium is reached between the leader and 281

follower entities as described above. 282

Increased demand bidding does not substantially alter the be- 283

havior of participating entities 284

(a) With transmission constraints (b) Without transmission constraints

Figure 5: Average power demand profiles for the bidding loads as a function of
Rb assuming zero-cost generators are present, with and without transmission con-
straints.

Figure 5 shows the average power demand profiles of the demand bidding enti- 285

ties for each of the 15 days considered in the study. We note that these profiles do 286

9



not change substantially as the bidding ratio increases, suggesting that the opera- 287

tion (i.e., production schedules) of the entities that already use demand bidding are 288

not impacted much by other additional entities engaging in demand bidding. The 289

changes in demand profile are more pronounced during the early hours of the day, 290

and more evident for the transmission constrained case. This can be explained by 291

the fact that (other) grid demand is at its lowest during this time interval, and as a 292

consequence there is more flexibility for large industrial loads to operate. The pat- 293

terns revealed in this figure are consistent with the discussion provided for Figure 294

4, in that they show that the bidding ratio has a peak shaving effect on the bidding 295

entities themselves. 296

Transmission capacity limits the benefits of demand-side par- 297

ticipation 298

Figures 6, 7, 8, and 9 help visualize the constraints related to transmission lines 299

and transformers. As the bidding ratio increases (in the interest of clarity, we only 300

show the cases of Rb = 0 and Rb = 0.13 for Day 1, cases of Rb = 0.4 and Rb = 301

0.45 are added for Day 224 to show the plateau), the set of active constraints 302

changes as well. The data indicate that the number of active constraints changes 303

substantially up to a certain point (Rb > 0.4 in this case study), demonstrating that 304

transmission and transformer capacity constraints are key limitations in expanding 305

the benefits of demand bidding. The results shown in the figure only reflect one 306

day of operation (Day 1 or Day 224) but similar effects were observed for all the 307

other days. 308

Figure 6: Evolution of active transmission line constraints as a function of bid-
ding ratio Rb 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 Rb 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).

Figure 8: Evolution of active transmission constraints as a function of bidding ratio
Rb 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 Rb 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 309

This is the first (to our knowledge) study to explore the impact of demand bidding 310

on the operation of the power grid at a practically relevant scale. As a mechanism 311

for demand-side participation, demand bidding is a natural way to reach an equi- 312

librium between two entities - the grid (as the leader) and the electricity users (the 313

followers). The demand bidding mechanism proposed here is based on a modified 314

formulation of the optimal power flow problem, and aims to maximize an overall 315

welfare function. It has the benefit of converging to an equilibrium, assuming that 316

the problem is feasible, without requiring an iterative procedure as has been dis- 317

cussed in the literature. 318

The numerical study performed here reveals several benefits of demand bid- 319

ding. First, it reduces the overall power generation cost by about 1% (whether 320

transmission constraints are present or not). Second, it avoids the recognized dis- 321

advantages of other demand-side participation approaches, such as the appear- 322

ance of rebound peaks in demand. These results are not unexpected. However, 323

our study provides several unique and remarkable insights. First, the benefits of 324

demand bidding tend to wane as the proportion of eligible users that choose to 325

participate (i.e., the bidding ratio Rb increases. The implication of this finding is 326

that there is no incentive for (or no need to) expand such demand-side participa- 327

tion beyond a certain number of users, or to seek the engagement of all eligible 328

users. Second, engagement on the side of the users themselves is likely to be un- 329

eventful relative to e.g., demand response, in the sense that the operating patterns 330

will likely not be significantly different. More importantly, the operating patterns of 331
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bidding entities are unlikely to be significantly affected by the participation of other 332

entities in demand bidding. In other words, a user can remain confident that their 333

own operations will not be significantly affected by future adopters joining the de- 334

mand bidding program. Last but not least, the computational results provide a path 335

for planning grid capacity expansion, particularly in terms of fortifying transmission 336

lines and transformers. Studies that simultaneously dispatch generation capacity 337

and demand flexibility, like this one, can reveal the lines and transformers that are 338

expected to represent bottlenecks in the expansion of demand-side participation 339

programs, and that should be prioritized for upgrade and/or replacement by grid 340

operators and utilities. 341

Limitations of the study 342

The present study does not consider unit commitment decisions, which are an im- 343

portant part of grid operations. Specifically, unit commitment decisions pertain to 344

timing the shut-down and start-up cycles of generators, and include considerations 345

related to start-up timing from a “cold” or “warm” condition, minimum downtime 346

between shut-down and start-up, etc. These considerations involve binary deci- 347

sions, which complicate the problem in Equation 1. Nevertheless, we believe that 348

our findings are broadly valid and would remain true if unit commitment were to be 349

taken into account. 350

We assume that the bidding entity generates a single saleable product (in this 351

case, chlorine). Nevertheless, there are practical cases where this entity may gen- 352

erate multiple products (each with its own price and energy consumption character- 353

istics) subject to some overall energy and material balance constraints. Accounting 354

for these features would complicate the optimization problem in Equation 3, but we 355

believe that the findings of our study would not be fundamentally different. 356

Our models of the bidding entity do not explicitly account for any equipment con- 357

straints (although a ramp rate constraint is imposed to limit the speed at which pro- 358

cess parameters can change). In practice, it is likely that more elaborate/detailed 359

constraints should be included to reflect specific concerns regarding the impact of 360

highly variable operation on equipment wear and tear or service life. 361

We also recognize that the demand bidding problem (Equation 3) does involve 362

a level of information exchange between the leader and follower entities (including 363

information regarding product demand, product price and process efficiency) that 364

is currently not the norm in industry. However, we believe that this exchange can 365

occur with the appropriate protections in place, that obfuscate this information from 366

the public and exempt it from disclosure. 367

EXPERIMENTAL PROCEDURES 368

Demand bidding AC OPF formulation 369

The basis for formulating the demand bidding problem (Equation (3)) is a multi- 370

period AC OPF. In turn, this problem is constructed by extending the single-period 371

security-constrained AC OPF formulation described in detail in19. The model is 372

described conceptually below. 373
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In this model, the objective function to be minimized is a summation of genera- 374

tion GC and penalty costs PC (5b). This setup allows for real and reactive power 375

nodal violations, as well as branch (transmission line and transformer) overload- 376

ing, which are penalized at costs that are much higher than operating costs. The 377

penalties (σ) are summed (according to (5i) with coefficients calculated from input 378

data). The operating cost is the sum of the generation cost of all generators ((5h), 379

where GCg is calculated using (7)) as described later. Decision variables including 380

active and reactive generation rates (Pg, Qg) for all generators (G), as well as ac- 381

tive and reactive branch power flows at origin (Pe1 , Qe1) and destination (Pe2 , Qe2) 382

bus e, for all e in the set B of lines and transformers. Voltage magnitude vn and 383

angle θn at each bus n in the set N are also decision variables. All the variables 384

are bounded by minimum and maximum capacities as shown in Equations (5j) to 385

(5o). Finally, our AC OPF formulation includes soft constraint violation: σa,n, σr,n for 386

active and reactive power balances at each n ∈ N , and σe1 , σe2 for line/transformer 387

thermal limit constraints for each e ∈ B. We denote the vector of all these decision 388

variables generically by x. 389

min
x={Pg ,Qg ,vn,θe,σ}

f(x) (5a)

s.t. f(x) = GC(x) + PC(x) (5b)

Pa,n(x) =
∑

g∈G(n)

Pg − PD,n −GS
nv

2
n −

∑
e∈B(n)

Pe = σa,n ∀n ∈ N (5c)

Qr,n(x) =
∑

g∈G(n)

Qg −QD,n −BS
nv

2
n −

∑
e∈B(n)

Qe = σr,n ∀n ∈ N (5d)

Pei = Pa,e(x) = PAv2ei + PBveive3−i
cos(θe) + PCveive3−i

sin(θe)

∀ e ∈ B, i ∈ {1, 2} (5e)

Qei = Qr,e(x) = QAv2ei +QBveive3−i
cos(θe) +QCveive3−i

sin(θe)

∀ e ∈ B, i ∈ {1, 2} (5f)
P 2
ei
+Q2

ei
≤ (Rvei + σei)

2 ∀ e ∈ B, i ∈ {1, 2} (5g)

GC(x) =
∑
g∈G

GCg (5h)

PC(x) = C(σ) =
∑
n∈N

(
PCAσ2

a,n + PCBσa,n + PCAσ2
r,n + PCBσr,n

)
+

∑
e∈B

i∈{1,2}

(PCAσ2
ei
+ PCBσei) (5i)

Pmin
g ≤ Pg ≤ Pmax

g ∀ g ∈ G (5j)

Qmin
g ≤ Qg ≤ Qmax

g ∀ g ∈ G (5k)

Pmin
ei

≤ Pei ≤ Pmax
ei

∀ e ∈ B, i ∈ {1, 2} (5l)

Qmin
ei

≤ Qei ≤ Qmax
ei

∀ e ∈ B, i ∈ {1, 2} (5m)

vmin
n ≤ vn ≤ vmax

n ∀n ∈ N (5n)

θmin
n ≤ θn ≤ θmax

n ∀N ∈ N (5o)
(5)

The active and reactive power balance at each bus (n ∈ N ) are modeled in (5c) 390
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and (5d). The active power balance at node n reflects the active power generation 391

of all generators at the node (G(n)), active power demand, shunt conductance (GS
n) 392

with bus voltage (vn), power injected to branches with origin or destination termi- 393

nals at node n (B(n)). The reactive power balance is defined similarly with shunt 394

admittance (BS
n ). Power flow and thermal limit constraints for all branches (B, in- 395

cluding lines and transformers) are captured in (5e), (5f), and (5g). The active or 396

reactive power of lines and transformers are calculated from voltage magnitudes 397

(v), voltage angles (θ), and coefficients related to device characteristics. The index 398

i indicates whether the bus is the origin or the destination for the branch e (i = 1 for 399

origin and i = 2 for destination). The voltage magnitudes v1 and v2 are at the origin 400

and destination buses, respectively. The voltage angle for branch e (θe) is calcu- 401

lated from difference of origin and destination bus voltage angles. As described in 402

(5g), the active and reactive power of lines and transformers are constrained by a 403

squared summation of bus voltages and penalty terms. For thermal limits, R is the 404

15



thermal rating for the line or transformer at the branch e. 405

min
Pl,t,xt={Pg,t,Qg,t,vn,t,θe,t,σt}

T∑
t=1

ft(Pl,t, xt) (6a)

s.t. ft(Pl,t, xt) = GCt(xt) + PCt(Pl,t, xt)−Rt(Pl,t) (6b)

Pa,n,t(xt)−
∑

l∈L(n)

Pl,t = σa,n,t ∀n ∈ N , t ∈ [1, T ] (6c)

Qr,n,t(xt) = σr,n,t ∀n ∈ N , t ∈ [1, T ] (6d)
Pei,t = Pa,ei,t(xt) ∀ e ∈ B, i ∈ {1, 2}, t ∈ [1, T ] (6e)
Qei,t = Pr,ei,t(xt) ∀ e ∈ B, i ∈ {1, 2}, t ∈ [1, T ] (6f)
P 2
ei,t

+Q2
ei,t

≤ (Rvei,t + σei,t)
2 ∀ e ∈ B, i ∈ {1, 2}, t ∈ [1, T ]

(6g)

GCt(xt) =
∑
g∈G

GCg,t ∀ t ∈ [1, T ] (6h)

PCt(xt) = C(σt) ∀ t ∈ [1, T ] (6i)

Pmin
g ≤ Pg,t ≤ Pmax

g ∀ g ∈ G, t ∈ [1, T ] (6j)

Qmin
g ≤ Qg,t ≤ Qmax

g ∀ g ∈ G, t ∈ [1, T ] (6k)

Pmin
ei

≤ Pei,t ≤ Pmax
ei

∀ e ∈ B, i ∈ {1, 2}, t ∈ [1, T ] (6l)

Qmin
ei

≤ Qei,t ≤ Qmax
ei

∀ e ∈ B, i ∈ {1, 2}, t ∈ [1, T ] (6m)

vmin
n ≤ vn,t ≤ vmax

n ∀N ∈ N , t ∈ [1, T ] (6n)

θmin
n ≤ θn,t ≤ θmax

n ∀N ∈ N , t ∈ [1, T ] (6o)

Pmin
l ≤ Pl,t ≤ Pmax

l ∀ t ∈ [1, T ] (6p)
− LR ≤ Pl,t − Pl,t+1 ≤ LR ∀ l ∈ L, t ∈ [1, T − 1] (6q)
−GRg ≤ Pg,t − Pg,t+1 ≤ GRg ∀ g ∈ G, t ∈ [1, T − 1] (6r)
PRt = Et(Pl,t) ∀ t ∈ [1, T ] (6s)
Rt(Pl,t) = RuPRt ∀ t ∈ [1, T ] (6t)

D ≤
T∑
t=1

PRt ≤ C (6u)

(6)

As shown in Equation (6), the demand bidding (in AC OPF) model can be gen- 406

eralized as a minimization problem where the objective function (ft(Pl,t, xt)) is a 407

summation of generation costs, penalty costs, and production revenue over the 408

whole time horizon (6b). Since the problem is MP, all variables are also indexed 409

by time t. Equations (6d) to (6o) are the AC OPF constraints (except from active 410

power balance) in MP form. The active power balance (6c) is similar to the reg- 411

ular balance (5c), except that bidding load/plant power consumption Pl,t on bus n 412

is included (l ∈ L(n)); also, the reader should note that the maximum number of 413

bidding loads on bus n is 1 in this case study. Ramp rate limits for the bidding 414

plant and generator power levels (Pl,t and Pg,t respectively) are added separately 415

as (6q) and (6r). Specifically, LR is the ramp rate limit for the bidding plant l ∈ L 416

(same for all bidding loads/plants) obtained from specific plant data, and GR is the 417

ramp rate limit for each generator g ∈ G. The bidding plant production rate is calcu- 418
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lated from plant power consumption (6s) with production efficiency. In other words, 419

bidding plant production rate can be defined as a function of bidding plant power 420

PRt = Et(Pl,t), and can be simplified to PRt = ηPl,t if the production efficiency is a 421

linear coefficient (η in unit of production per unit energy, e.g., ton/MWh). The total 422

production revenue can be calculated from total production and unit revenue Ru 423

(with unit of dollars earned per unit production, e.g., $/ton). The total production is 424

the integral of production rates over time, which should be constrained by demand 425

(D) and capacity (C) as seen in (6u). This constraint ensures that the production 426

always satisfies customer demand, and is less than the maximum capacity limit of 427

the facility. This is of paramount importance for the bidding entities because their 428

primary goal is to satisfy customer demand rather than keep the power balance. 429

The MP AC OPF with demand bidding model was implemented in Julia (v1.9) 430

and solved using the IPOPT (version 3.14.13) solver24,25. The runtime varies from 431

less than ten minutes to about two hours. Since the formulation is nonlinear and 432

nonconvex, the solver might enter different branches of the algorithm, so no run- 433

time prediction can be made. 434

Structure of generation cost function 435

For each generator g, the cost of power generation is described using a piecewise 436

linear function that relates the generation cost to the power generation level. The 437

piecewise-linear functions are described via a set of npairs pairs of parameters 438

[CostPg,h, CostCg,h]. The power generated by generator g at time point t can be 439

expressed as 440

Gg,t =

npairs∑
h=1

CostPg,h · thh s.t.

npairs∑
h=1

thh = 1 (7a)

while the generation cost GCg,t is computed as: 441

GCg,t =

npairs∑
h=1

CostCg,h · thh (7b)

(7)

The unit generation cost parameters are presented as pairs (CostPg and CostCg). 442

In this system, the two parameters have either two or three points. For example, 443

CostPg = [GLB, GUB] (GLB, GUB are bounds for generator powers) and CostCg = 444

[0, 0] for the zero-cost generators. For other generators, CostCg = [GCLB
u , GCUB

u ], 445

which means the cost of power generation increases linearly from GCLB
u to GCUB

u 446

as the power levels change from GLB to GUB, as shown in Figure 10. In addition, for 447

some generators, CostPg = [GLB, GM , GUB] and CostCg = [GCLB
u , GCM

u , GCUB
u ], 448

where they have piecewise linear generation costs, meaning that the generation 449

cost increases linearly on two generation segments [GLB, GM ] and [GM , GUB]. 450

To demonstrate the how generation cost is calculated, we look at the following 451

example where CostPg = [50, 200, 250](MW ) and CostCg = [10, 100, 200]($/MWh). 452

With generation rate Gg,t, thh (th1, th2, th3 in this case) can be calculated from (7a). 453

If Gg,t = 200MW , th1 = 0, th2 = 1, th3 = 0 is the solution. With this solution, 454

generation cost GCg,t (for the hour t) can be obtained from (7b). In this case, 455
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Figure 10: The piecewise linear generation cost function for a sample generator
with CostPg = [50, 200, 250](MW ) and CostCg = [10, 100, 200]($/MWh).

GCg,t = 100$/MWh. As seen in Figure 10, the generation cost varies linearly be- 456

tween GCLB
u = 10$/MWh and GCM

u = 100$/MWh as generation rate ranges from 457

GLB = 50MW to GM = 200MW . As generation rate changes from GM = 200MW 458

to GUB = 250MW , the generation cost increases from GCM
u = 100$/MWh to 459

GCUB
u = 200$/MWh at a higher linear rate. In other words, the parameters pro- 460

vide the end and elbow points of the generation cost functions. 461

Generation cost scenarios 462

In the 2000-bus system, 118 zero-cost generators can produce electricity at no 463

cost (CostCg = [0, 0]), reflecting renewable energy generators. We also examined 464

the effect of varying unit generation costs of those zero-cost generators. The val- 465

ues of CostCg depend on the characteristics of the generators. Aside from the 466

zero-cost generators, GCLB
u ranges from about 350 $/MWh to 9, 300 $/MWh while 467

GCUB
u varies from around 630 $/MWh to 22, 900 $/MWh. In the case study, several 468

sets of the unit generation costs (CostCg) of zero-cost generators are examined: 469

[0, 0], [0, 100], [0, 1000], [0, 10000]. The case of [0, 100] is similar to [0, 0], and in the 470

case of [0, 10000], all ”zero-cost” generators are operating at lower limits almost at 471

all times. Thus, in this work, only results of [0, 0] and [0, 1000] are discussed in the 472

RESULTS Section. 473

Bidding entity characteristics 474

In previous work13, a chlor-alkali plant was used as the bidding entity for model 475

validation. The plant characteristics are adopted in this work such that the plant 476

closely resembles a large industrial load. The key plant parameters are summa- 477

rized in Table 1. Bidding entity parameters. The product demand and power limits 478

represent the scale of the plant. Note for this plant, 10% of overproduction is al- 479

lowed and used as the upper limit of total daily production. Aside from the lower 480

and upper limits of the plant power, the production ramping limit (limiting how fast 481

the production power can ramp up or down) and system efficiency (unit production 482

per unit electricity consumed) are also important plant power operating parameters. 483
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In addition, the unit production revenue (derived from production system efficiency 484

and published product price) is important for the welfare calculation. 485

Table 1. Bidding entity parameters 486

Parameter Value Unit Definition

Pmin
l 35 MW Lower limit of plant power

Pmax
l 70 MW Upper limit of plant power

LR 35.5 MW/h Production ramping limit
η 0.5 t Cl2 /MWh Production system efficiency
Ru 100 $ /MWh Unit production revenue
D 550 t Cl2 Daily demand of chlorine
C 605 t Cl2 Maximum daily production of chlorine

487
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