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ABSTRACT

Industrial decarbonization has heightened interest in electrifying major chemical processes, but
existing planning methods typically assume fixed electricity prices and overlook how industrial
power use affects the grid. This work introduces a grid-aware optimization framework that cap-
tures two-way interactions between industrial electricity usage and the power flows within the
grid. We use the DC Optimal Power Flow (DC-OPF) model to generate Locational Marginal Prices
across refinery demand levels and embed a surrogate reflecting the relationship between the
power demand and the prices into an operational optimization problem for a partially electrified
refinery. The surrogate model is embedded within the optimization problem using disjunctive re-
formulations and off-the-shelf packages such as OMLT (Optimization and Machine Learning
Toolkit). In a case study considering an oil refinery with installed electric boilers, electrolyzers, H:
storage, and post-combustion carbon capture infrastructure, the grid-aware approach lowers op-
erating costs by 7% relative to a price-taker model by anticipating how the refinery’s own demand
shifts electricity prices. The method is also shown to incorporate the effect of demand uncertainty
at other grid nodes by embedding a surrogate model trained using data generated by a chance-
constrained DC Optimal Power Flow.

Keywords: Energy Systems, Electricity & Electrical Devices, Surrogate Model, Refining, Process Operations

INTRODUCTION

The chemical industry is undergoing a fundamental
transformation toward decarbonization and electrifica-
tion, driven by the integration of renewable energy and
novel low-carbon technologies. Investment and opera-
tional planning for this transition are interconnected, as
the flexible operation of electrified systems enhances
their economic viability. Previous literature typically uti-
lizes multi-period superstructure optimization to deter-
mine optimal technology portfolios and operating sched-
ules while satisfying emission targets and physical con-
straints [1-4, 24]. Stochastic and robust self-scheduling
models outperform deterministic approaches by up to
10%, as they effectively hedge against price and renew-
able production uncertainty [5, 6].

Despite these advances, most optimization studies
adopt a price-taker framework, assuming that individual
facilities, whether acting on the supply or load side do not
influence market prices. By relying on exogenous price
profiles, these models overlook the impact of utility-scale
loads (100+ MW) on the grid. In U.S. markets,
https://doi.org/10.69997/sct.116194

Independent System Operators (ISOs) establish Loca-
tional Marginal Prices (LMPs) through a clearing process
that dispatches resources optimizing for production cost
subject to demand and transmission constraints. When
large industrial facilities shift production or deploy stor-
age, they directly alter the demand profile, shifting LMPs
and potentially amplifying price volatility. Recent evalua-
tions have shown that these price-taker assumptions in
self-scheduling can lead to significant discrepancies
when compared to system-scheduling solutions [7-9]. A
few recent studies have more explicitly modeled the
complex interactions between integrated energy sys-
tems (IESs) and the electric grid by embedding market-
clearing simulations into facility models [10] or using ma-
chine-learning surrogates to capture price formation [11].
Price maker frameworks, on the other hand employ
game-theoretic [13-15] or residual demand [12] methods.
While previous literature has mostly focused on the sup-
ply side, recent work has begun to examine strategies
such as demand bidding that have emerged as promising
mechanisms for integrating large industrial consumers
into power system operations. Tang et al [13] formulate
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Figure 2. Flowsheet for partially electrified refinery

demand bidding within a modified AC optimal power flow
framework, interpreting it as negotiation between opera-
tors and users. Their case study, implemented using a
synthetic model of the Texas ISO, indicates that although
the demand bidding framework decreases generation
costs, its overall system benefits are restricted by trans-
mission grid limitations and necessitate a level of data
sharing not currently standard in the industry. This high-
lights a critical gap: the need for grid-aware demand-side
strategies that allow industrial facilities to internalize grid
limitations and price impacts within current data-sharing
constraints.

The remainder of this paper is organized as follows.
First, we introduce the problem statement. Then we pre-
sent a multi-period linear program (LP) for operational
decision-making in a partially electrified refinery model
alongside standard and chance-constrained DC Optimal
Power Flow (DCOPF) models to account for uncertainty.
We then describe the surrogate modelling strategy

Chattopadhyay et al. / LAPSE:2026.0267
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capturing LMPs as a function of refinery load, which are
embedded into the LP. Finally, we compare a price-taker
baseline against these proposed scenarios and state
concluding takeaways.

PROBLEM STATEMENT

Given a partially electrified refinery, where the refin-
ery operator’s decision depends on grid electricity prices,
which in turn depend on power demand and supply (in
the grid network). The public availability of historical load
and price data from RTOs [23] allows the refinery to build
surrogate models that characterize this relationship, ef-
fectively bypassing the need for full access to restricted
grid-side data. Our goal is to develop a novel integrated
approach that can be used by such refineries to make
grid-aware decisions, capturing these price dynamics by
embedding the trained surrogate relationship directly
into the refinery’s operational optimization.
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METHODOLOGY

Optimization of refinery operations

The flowsheet for the considered partially electrified
refinery is shown in Fig 1. The flowsheet is denoted by a
resource task network [18-19] with circular nodes depict-
ing the resource nodes and the rectangular nodes show-
ing the task nodes. The steam requirements can be sat-
isfied by a mix of a natural gas (NG) boiler and e-boiler.
The H2 requirements are satisfied by the steam methane
reformer and proton exchange membrane electrolyzers
(PEME). The optimization problem minimizing operational
costs for such a refinery is modeled as a multiperiod lin-
ear program defined over discrete time periodst € T. Ma-
terial flows are represented by the Fﬁt where j denotes
the technology or subsystem, and k shows the specific
inlet or outlet stream.

The emissions from other parts of the refinery, such
as the fluid catalytic cracking unit, furnaces, and gas-
based units such as the NG boiler and steam methane
reformer (SMR), can also be treated by the post-combus-
tion capture unit. All equipment is assumed to operate
flexibly within specified operational constraints.

Power outputs are denoted by B° for an electrically
driven device o. Storage levels are represented by L} for
each storage technology s € S. These are the decision
variables. Installed capacities for units and storage are
given by Q;, with minimum-load fractions x;. Conversion

efficiencies are denoted by y,{, and ramp-up/ramp-down
limits by rjU and er. System demands, such as hydrogen
demand dy,, and heat/power steam demand dyps,, must
always be met. External energy prices include the natural
gas price $yc and time-varying electricity price $. .. A
system-wide CO: emissions cap is enforced via a
CO2_cap.

The optimization problem, which minimizes the dis-
counted daily operating cost, is shown in Eq. (1) for steam
generation, H2 production, storage, and carbon capture.
The hourly operating cost includes the natural gas cost,
electricity cost, CO2-capture solvent-related operating
costs, and other operating expenses related to the stor-
age systems shown in Eq. (2). The sets used in this for-
mulation are defined in the nomenclature section at the
end of this paper.

OPEX;
(T Ty (M

Min: Y,

_ J J
OPEX, = ( Zje Ouz(Nc)FNG,t $ng + Zje om(grid)Pt x

$sol.,j J
$elec.,t ) + Zj € CCynits ( FCOZ capt.,t +

unitco,capt.

a fraction (x < 1) of the installed capacity, as denoted in
Eq. (3) and (4). For the H: storage unit, the state of
charge at any given time is lower than the total installed
storage capacity, as shown in Eq. (5).

%,Q, <P°< Q,VteT,YVoeO (3)
KmQm < Fg < QuVtE€T,Vm € M (4)
L < QVteET,Vs€S ()

Mass balances relating input and output component
flows with respect to a key component is denoted by Eq.
(6). The energy balances connecting power flows in
electrically driven units to the corresponding mass flows
of the key component are detailed in Eq. (7). Mass-
balance on the H: storage unit is described in Equation
(8) where the state of charge in consecutive time periods
is obtained by the net Hz inflow during a particular time.
Equation (9) is a mass balance on the resource nodes.

K= 7ITFY?n,t VteT,Vm € M (6)
Y F,= BVteT,Yo €O 7)
F},— Fi,=Lj,,— LVteT,Vs€S (8)
zmem(n)F;;; =3 FP Vte T,vneN (9)

p € Out(n)” Nt

Equation (10) specifies hourly ramp-up/down limits
of the equipment, such as electrolyzers and e-boilers,
restricting the feasible space for flexible operations.
Operational constraints on the Hz storage nodes limit the
maximum charge and discharge rates, as shown in Egs.
(11) and (12).

P < |FJ}J+1 - F’j,’tl <r/vteTvjel (10)
F, <2 vteT] en(s).vses (1)
s Ts,c
§.< Qd Vt € T, k, € Out(s),Vs € S (12)

Hydrogen and steam demand from the refinery must
always be met as shown in Egs. (13) and (14). CO:
emissions from low concentration flue gases released by
other parts of the refinery, such as the FCC unit and
furnaces that do not have any e-based alternatives, are
fixed using Eq. (15).

quQF;}Z,t > dy,, VteT (13)
ZhEHF}hIPS,t > dpps, VtET (14)
F]flf:_tgas,t = EVteT (15)

The emissions over the time horizon considered are

ZseS,jeIn(s)( Fjy . % $OPEXS) (2) limited by the CO2_cap (Eq. (16)).
Each unit must operate within its maximum installed quo ZteTFCquemit- < CO,_cap (16)
capacity and above its minimum turn-down, described as
Chattopadhyay et al. / LAPSE:2026.0267 Syst Control Trans 5:514-525 (2026) 516



DCOPF

This is a linear approximation of the AC Optimal
Power Flow problem. Here, the decision variable
F;, represents the power generated by the generator i
while the voltage angle at the bus i is given by 6;.
Parameters F, denotes the real power demand at the bus
i. The coefficients Cjand C;are the generator cost
parameters in the quadratic cost function. The term
B;; refers to the line susceptance between buses i and j
which is a line property measuring the ease of power
flow, and N;indicates the set of neighboring buses
connected to the bus i. Parameters Pé?“‘ and B;1** specify
the minimum and maximum real power generation limits
for the generator i, respectively and B** shows the
maximum magnitude of power flow through the line
connecting buses i and j. Egs. (17)-(20) show the
associated quadratic program for the DCOPF problem.
Eq. (17) shows the objective function, minimizing the total
operating cost of all generators. Each generator's fuel
cost is modeled as a quadratic function of its output. Eq.
(18) states that the power balance must be satisfied at
every bus i. According to the DC power flow model, real
power flow through a transmission line depends linearly
on the line susceptance and on the difference in voltage
angles between the two buses it connects. Eq. (19)
constraints that each generator must operate within its
physical limits, whereas Eq. (20) restricts that the power
flows through the lines are within allowed limits.

. _ o2
min = 3 o B + CiBy) 7)
PGi - PDi = ZjENiBij(ei - 61) Vi (18)
B < B; < BP™VieG (19)
-B"™ = B;;(6; — 6))= B V(i,j) € L (20)

The LMP is the electricity price at a specific grid
node, representing the cost of delivering an additional
unit of power, considering generation costs and
transmission constraints as shown in Eq. (21). In practice,
this is obtained from the Lagrange multipliers of the
corresponding nodal power balance (Eq. (18)).

IMP= A= 2 Vi €G (21
aPp,

Chance Constrained DCOPF (CC-DCOPF)

In contrast to the standard deterministic DC-OPF
model, this model treats the load as the sum of nominal
and uncertain components. Real-time reserve

which conservatively targets the absolute worst-case
scenario, chance constraints offer a less risk-averse
framework by strictly enforcing reliability only up to a
specified probability level [20-22]. The chance-
constrained DCOPF formulation (shown through Egs.
(22)-(27) accounts for uncertainty in demand for buses.
The objective function is augmented to include cost
terms not only for scheduled generation but also for
reserve deployment, represented by the additional
decision variables, F;,. While the power balance
equations and transmission limits remain consistent with
the traditional DCOPF, as shown in Eq. (23) and (25), the
generation limits now bound both the base and reserve
generation capacities, as shown in Eq. (24). The
enhanced formulation introduces a risk-based reserve
constraint that requires each generator's reserve
contribution to satisfy Eqg. (26), where the decision
variable ag, denotes the generator i's participation factor,
while the parameters ¢ and z,_, capture the magnitude of
uncertainty in demand and the risk-taking capacity,
respectively [22].

miny, _(C/EG + CiFs, + CIFg + Cifs)) (22)
By — By = ¥, By (6i— ) Vi (23)
B < By + By, < B VieG (24)
-B" = B;;(6; — 6))< Bj** V(i,j) € L (25)
B > z_agoVieG (26)
Zie cti=1 (27)

Eq. (26) is derived analytically by integration based
on the relation shown in Eq. (28), stating that the
probability of the reserve generation capacity being
higher than the excess demand is greater than 1- e.
Assuming that the excess demand £, follows a normal
distribution with mean 0 and standard deviation ¢;, as
shown in Eq. (29), the chance constraint is converted into
an equivalent deterministic form expressed in terms of
the standard normal quantile ®~!(1 — ¢) which is the same
as z,_.. o;'s are related to o as described in Eq. (30), a
normalization condition is introduced in Eq. (27) to ensure
complete allocation of reserve responsibilities
(participation factor) across the generating fleet. These
additions enable the model to incorporate uncertainty-
aware scheduling while preserving the structural
simplicity of the conventional DCOPF framework.

) : R B)-PB <0)>1—c¢Vi

deployment is characterized by generators adjusting P( (aci Z,PD,) fe, < O)— 1 -evieG (28)
their output proportionally to the total demand error, —> o1 -e)ago—B <O VieG (29)
governed by their participation factors, to maintain Gi o=

system balancg. This uncertamty is managed.usmg pDi"N(O’O'i) a:( Ziaiz) (30)
chance constraints, a method widely adopted in the

power systems community. Unlike robust optimization,
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Training the surrogate model

In our framework, we vary the refinery’s active-
power demand Py over a specified range while assuming
that the demands at all other nodes are fixed and
independent of the refinery’s demand. For each time
interval in which the non-refinery loads (e.g., residential
demand) can be treated as fixed, we solve a series of
DCOPF problems to generate training data and fit a
separate surrogate model. Since the DCOPF is a
quadratic program with linear constraints, its KKT
conditions for a given active set constitute a system of
linear equations in both the primal and dual variables.
This implies that the nodal price is an affine function of
the demand within a specific regime. However, as the
active constraint set changes, the coefficients of this
relationship shift, resulting in a global piecewise linear
function. This structure motivates the use of linear-model
decision trees and related surrogate models, such as
gradient-boosted trees, to capture the varying linear
regimes. In this work, we train such models on DCOPF-
generated data and embed the resulting relationship into
the refinery’s operational optimization problem. This
could be expressed as the disjunction shown in Eq. (31).

Zy

P
vl Bor = 2comeratt S Bou (31)

_ j
[ Setec.t = Qu 2jcouriat + bu |

Each disjunct is indexed by w, and in every disjunct

and an intercept by, ;.

Both the slope and intercept vary over time, as the
applicable surrogate model is time-dependent. If we
explicitly include equality constraints expressing the total
electricity cost, $.... as a function of demand, the
objective function (2) still contains non-convex bilinear
terms. These terms arise from expressing the total cost
as a product of price and power consumption, which
significantly increases the computational burden. While
off-the-shelf tools like OMLT can automate the
embedding of such relationships, a custom reformulation
that substitutes the cost function directly into the
objective allows for better convergence by avoiding
bilinearities. We perform a convex hull reformulation,
before substituting the cost term in the objective, Eq. (2).
At a given time t, exactly one binary variable y¥ is
activated depending on the range in which the total
power consumption lies. Depending on this, exactly one
auxiliary variable B* and its corresponding quadratic
term, sz are nonzero, as shown in Egs. (34) and (35).
The sum of B* over all disjuncts equates to the total
consumption across all refinery units. The resulting
model obtained by introducing Egs. (33)-(35) and
substituting the term in the RHS of Eq. (32) in the
objective function, expressed IN Eq. (2) appropriately, is
a Mixed Integer Quadratic Program (MIQP) with a convex
relaxation.

$9[93-’t(zj50ut(grid) IJtJ) = Zw(bw,tEw + aw,tsz) Vt € T (32)

the refinery’s total power demand, I is re- j

' y ' P ZjEOut(Grid) t (Zjeom(grid)Ptj) = ZwP,w VteT (33)
stricted to lie between the lower and upper bounds .
B,;and PB,,. Within each disjunct, the electricity price Roy? <B® < By VteT (34)
$erecs IS Modeled as a Iingar function of the total power YL yE=1 (35)

. j )

consumption ZjEOut(grid)E , Characterized by a slope a,,,
Chattopadhyay et al. / LAPSE:2026.0267 Syst Control Trans 5:514-525 (2026) 518



Figure 4. Considered Power grid network
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Figure 5. Fit for each time segment when demand at the other nodes are fixed using linear model decision trees
Chance-constrained DCOPF embedding

RESULTS

We illustrate the proposed approach on a 3-bus

Chattopadhyay et al. / LAPSE:2026.0267
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system in which the refinery is at Bus 3. Fig. 4 presents
the fits obtained using linear model decision tree
surrogates for each time segment, with the
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Figure 7. Base case electricity usage and prices

corresponding loads at the other buses annotated in the
figure (shown in scaled units of 10 MW). Linear model
decision trees work by recursively partitioning the data
and then fitting a local linear model to each part, so the
overall model captures piecewise-linear relationships. To
ensure the accuracy of these captured transitions, the
surrogate model was trained by sampling more densely
around the sharp corners; detailed data regarding both
the underlying refinery model and the surrogate fit
accuracy shall be published in a forthcoming full-length

paper. Since the slopes of all linear functions are positive,
the relaxation of the previous formulation is convex. In
this setting, we also observe in Fig 5, that the overall
piecewise functions can also be represented as a
maximum over the constituent linear functions, as shown
in Eg. (36). Now, this term in the LHS of Eq. (37) can be
substituted by an additional variable ¢, in the objective of
the refinery optimization problem, as shown in Eq. (2),
and the max function can be represented by a series of
W inequality functions as shown in Eq. (38). This removes

Chattopadhyay et al. / LAPSE:2026.0267
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Electricity Demand and Price Profile
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DCOPF solutions)

the need for additional binary variables and allows the
NLP problem to be handled directly by any standard
nonlinear solver.

$elec.,t(zj€out(crid) Pt]) = muz)ix aw,tth2 + (bw,tgw)) vteT

(36)
$eleC~,l(EjeOut(Grid) Pt]) =Ct VteT (37)
¢t > B+ (b BY)VwVte T (38)

In contrast, when using CC DCOPF, expressed using

solution Eq (22)-(27), to generate data for surrogate
building, the linear model decision trees could not
provide satisfactory fits, especially around the sharp
corners, irrespective of the denser sampling. On the
other hand, gradient-boosted trees provided a better fit.
The obtained fit is shown in Fig 6. By varying the
hyperparameters, Gradient-boosted trees (GBTs) are
used to obtain satisfactory fits on the data. These
generate predictions by combining many small decision
trees sequentially, where each new tree focuses on
correcting the errors of the previous ones. We used
OMLT 1.2.2 [17] to generate a mixed Integer formulation.

Chattopadhyay et al. / LAPSE:2026.0267
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DCOPF embedding

In the base case, when the price-taker assumption
is in place as shown in Fig 7, the model attempts to lev-
erage forecasted periods of low price (assumed price
profile shown using the black dotted line) by ramping up
production of hydrogen using electrolyzers. However,
such actions raise the actual electricity price, which is
shown using the solid red line. In this case, with the as-
sumed costs, the optimizer predicted an objective of

Chattopadhyay et al. / LAPSE:2026.0267

0.767 MUSD. But when the demands from the refinery
were added to the OPF model, the actual price profiles
resulted in a cost of 0.824 MUSD being incurred, a 7.5%
increase over the predicted cost. When using the 2 dif-
ferent formulations (MIQP and NLP) consisting of the em-
bedded surrogate model, the objective function value in
both these cases was 0.767 MUSD, about 7% lower than
the 0.824 MUSD incurred cost in the base case.

The MIQP formulation consists of 1, 082 variables,
of which 48 are binaries, and 989 constraints, out of

Syst Control Trans 5:514-525 (2026) 522



which 705 are equalities, and was solved using DICOPT
2.0in 2.2 seconds. The NLP formulation consists of 1, 082
continuous variables and 989 constraints, of which 627
are equalities, and was solved using IPOPT 3.14.17 in 1.5
seconds. However, these two cases produce different
load and price profiles that are degenerate solutions of
the overall optimization problem (Fig 8 and 9). In
particular, the NLP formulation yields a more stable load
profile compared to the base case. The degeneracy
arises because the model can exploit price variability
through the use of hydrogen storage equipment and
incorporate a hybrid approach using Proton Exchange
Membrane Electrolyzer and Steam Methane Reformer.

A limitation of the previously developed framework
is the assumption of perfectly known loads at other
nodes and exact grid parameters. Accurately predicting
loads at other buses is generally challenging. The result-
ing formulation obtained by embedding gradient boosted
trees trained using optimal solutions to the CC DCOPF is
a nonconvex mixed-integer quadratically constrained
program (MIQCP) with 28, 360 constraints and 14, 046
variables, of which 3, 508 are binary (and integer). The
problem is solved using the Gurobi Optimizer (version
12.0.1) with a time limit of 1, 800 seconds. We illustrate
the impact of embedding a chance-constrained DCOPF
within the refinery planning model, considering demand
uncertainty, under varying risk tolerance (e) and uncer-
tainty levels (o). Varying the o and € values as shown in
Table 1, the solution converged with gaps

Lower values of € and higher o reflect reduced risk-
taking capability and higher uncertainty in predictions of
load at other nodes, respectively. As shown in Fig 10,
while locational marginal prices within each linear seg-
ment are slightly higher with reduced ¢, increased uncer-
tainty causes the upper limit in constraint (24) to become
binding at lower demand levels, moving the point of non-
smoothness in the LMP-demand curve toward higher
power values, as illustrated by the shaded region in Fig.
10. Since the optimal operating region includes the region
consisting of this sharp corner, as shown in Fig. 10, higher
o values and lower € values lead to lower overall objective
function values due to the lower prices encountered in
this region at similar loads (shown in Table 1).

Table 1. Objective value with changing hyperparameters

o T-¢ Objective Function
(MUSD)

5 0.95 0.7237

10 0.95 0.6892

5 0.99 0.7046

10 0.99 0.6740

CONCLUSIONS

This work presents a framework for incorporating
Chattopadhyay et al. / LAPSE:2026.0267

electricity market effects into the operational planning of
an electrified oil refinery. These effects are captured by
embedding constraints derived from relationships mod-
eled with surrogate models, trained on DCOPF-based
data. The surrogate models reflect the impact of refinery
load on nodal electricity prices. The piecewise-linear re-
lationship between refinery power demand and prices is
approximated with linear model decision trees or gradi-
ent-boosted trees. In the illustrative example, the surro-
gates are embedded within the refinery optimization
problem using reformulations of the resulting GDP,
namely a MIQCP and an NLP reformulation, or off-the-
shelf tools such as OMLT. These demonstrated improved
objective values compared to a base case that ignores
price feedback from the market, while providing optimal
load profiles through coordinated hydrogen storage and
hybrid electrolyzer and e-boiler operation. We extend
this framework to incorporate uncertainty in load fore-
casts at other buses by embedding constraints that rep-
resent surrogate models trained using optimal solutions
obtained from chance-constrained DCOPF. The results
show that lower risk-taking capacity and higher uncer-
tainty at the grid operator’'s end can counterintuitively re-
duce overall costs at the electrified refinery’s end. De-
spite promising cost-reduction potential, two primary
limitations remain for the illustrated framework. The use
of a 3-bus system necessitates future testing on larger-
scale networks to ensure scalability. Additionally, ad-
vancing from DCOPF to ACOPF-based surrogates is es-
sential to capture the reactive power and voltage dynam-
ics necessary for full physical fidelity.
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NOMENCLATURE

J = {PEME, SMR, NG boiler, e-boiler, Postcomb. CC}
M = {NG boiler, SMR, Precomb CC, Postcomb CC}
o = {e-boiler, PEME}

N = {NG, Hydrogen (var.), Rest of plant, Low conc.
flue gas, High conc. flue gas, CO, emit., CO, capt.}
Q = {PEME, SMR, Hydrogen storage}

H = {NG boiler, e-boiler, Postcomb CC}

S = {Hydrogen storage}

T={1,2,..24}

G = Set of Buses consisting of generators
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