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Abstract

Demand response (DR) has become a key element in balancing the power grid as the con-
tribution of time-varying renewable power generation increases. Chemical plants are appealing
candidates for DR programs as they offer large, concentrated and flexible loads. DR participa-
tion calls for frequent production rate changes over time scales that overlap with the dominant
dynamics of the plant. Production scheduling should therefore consider the process dynamics
explicitly. We present a data-driven approach for modelling the scheduling-relevant dynamics
based on historical closed-loop operating data using autoregressive with extra inputs (ARX)
models. We introduce a new, linear scheduling problem formulation based on the ARX repre-
sentation, and demonstrate its implementation on an industrial air separation unit.
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1 Introduction

A sustainable future calls for a significant increase in the contribution of renewable sources (wind,
solar photovoltaics) to the power generation portfolio. Renewable power generation challenges
the operation of the power grid since generation rates fluctuate daily and seasonally, and are not
synchronized with power demand, which is itself changing over similar time scales. Under these
circumstances, managing electricity consumption in addition to generation becomes a key ingredient
towards balancing supply and demand on the power grid.

In principle, any type of electricity user (residential, commercial and industrial) can engage
in demand-side management/demand response (DSM/DR) programs. However, industrial users
(which accounted for 32% of annual electricity consumption in the US in 2018 [1]) are particularly
attractive for demand response (DR) participation for several reasons. First, they present large,
localized loads that can provide significant relief on grid demand when their electricity use is reduced
or shifted to off-peak times. Second, unlike commercial and residential users, they are minimally
dependent on human needs and behaviors, which tend to vary considerably throughout the day.
Last but not least, industrial users can be “flexible” in their power demand.

The participation of an industrial entity in a DR program involves two complementary actions
occurring on a daily cycle. First, there is an increase in production rate and electricity demand
during off-peak hours, when the grid load is low. During this time, product(s) are made in excess
and placed in a storage facility. Then, a second action involves decreasing the production rate
(and associated electricity demand) during peak power demand hours. During this time, stored
product is used to make up the difference between a lower production rate and the product demand.
Establishing the timing and duration of these actions is the prerogative of production scheduling
calculations. From an economic perspective, and assuming that the price of the product is constant
in time, the industrial entity engages in a type of arbitrage, by purchasing more electricity at low
prices during off peak times, and storing it in the form of a (cheaper) product, which can be sold
at the “regular” price during peak times. Additional savings are derived from reducing production
when electricity prices are high during peak hours. Coordinating these decisions is the subject of
short-term production scheduling.

Evidently, the aforementioned actions are conditioned by several factors: first, excess production
capacity must be available. Second, the product should be easily and safely stored, should not
degrade significantly while in storage, and should be easily retrievable from storage. Third, the
system should be agile enough to change its production rate and thus grid load in a useful amount
of time, without jeopardizing product quality or operational safety. In practice, this means that
systems with time constants in the orders of minutes to hours are preferred. Nonetheless, due
to the evident overlap between the dynamics of the system, and the time scales over which grid
demand and renewable power generation fluctuate, the dynamics of the process must be accounted
for explicitly in production scheduling calculations.

A central difficulty is related to modeling the dynamics of the process and relevant control
systems; this requires balancing model accuracy, complexity and dimensionality, such that, i) the
model can be built and updated easily and ii) the scheduling calculation including the dynamic
model can be solved in a practical amount of time. Data-driven modeling (i.e., constructing surro-
gate, low-order models of the scheduling-relevant process dynamics from data collected from plant
operations or from dynamic simulations) has emerged as the approach of choice to address this
challenge [2], particularly in circumstances when the process is itself large-scale and complex, and
the use of established model forms such as Hammerstein-Wiener structures, has been successfully
demonstrated [3, 4]. Nevertheless, existing modeling approaches result in scheduling problems that
are either in a nonlinear program or mixed-integer linear program form, both with their inherent



solution difficulties.

Motivated by the above, the purpose of this paper is twofold: i) introduce a framework for
modeling the process dynamics and for optimal demand-response scheduling, that yields a linear
optimization problem and ii) demonstrate the implementation of these concepts with an industrial
case study. Specifically, the novel contributions are:

e using autoregressive with extra inputs (ARX) models to represent the closed-loop process
dynamics

e defining a representation of time that affords incorporating multiple such ARX models of
arbitrary order in production scheduling models

¢ an industrial application considering a three-product air separation unit (ASU), where a large-
scale set of operating data is used to identify the relevant models, and the solution of the DR
scheduling problem results in significant operating cost savings.

While here we propose formulating the demand response problem as a linear program (LP), the
ARX models introduced in this paper can be incorporated in other scheduling problem structures
(including those with discrete decisions), and have the benefit of being represented by a set of linear
constraints.

The paper is organized as follows: we begin with a process description of the industrial ASU,
followed by a review of the relevant literature for DR scheduling. We then present the LP formu-
lation of the scheduling problem, supported by the ARX representation of the process dynamics.
Subsequently, we discuss the application to the industrial ASU, complete with optimization results
and a discussion of the economic benefits of DR engagement.

2 Background and Process Description

Air separation units (ASU) are a key element in the supply chain of many industries, as suppliers of
nitrogen, oxygen, argon and other rare gases. Cryogenic ASUs make up the bulk of air separation
technologies due to their ability to output a high volume of high purity product. ASUs are electricity
intensive, with the high power consumption due to the use of electric compressors. Cryogenic
technology requires that the feed air stream be compressed to enable liquefaction; depending on
the application, compression may be needed for the gaseous products as well.

The industrial process considered here is shown in Figure 1, and is designed to generate five
products: gas nitrogen (GN2), liquid nitrogen (LN2), gas oxygen (GO2), liquid oxygen (LO2),
and Argon (Ar). Gas and liquid forms of oxygen and nitrogen are considered as separate products
since, i) they have vastly different production costs (producing a cryogenic liquid carries a significant
energy penalty) and ii) they originate in different parts of the plant, as discussed below.
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Figure 1: Overview of the industrial ASU studied in this paper, based on Cao et al. [5].

The inlet air enters the process through the main air compressor (MAC), driven by an electric
motor. The prepurifier (PP) consists of a pressure swing adsorption (PSA) system that removes
impurities (e.g. water, hydrocarbons, CO3) before the air is compressed again in the booster com-
pressor (BC). From here, the air stream is separated into two streams entering the the multistream
heat exchanger (MHX), both of which are cooled alongside warming cryogenic products. After
cooling, one air stream is split, with one portion entering the upper column (UC) and the other
entering the high-pressure lower column (LC). The other portion of the feed stream is expanded
in a turbine (T) to generate additional refrigeration before entering the LC. In the LC, the air is
separated into an oxygen-rich bottoms stream and a nearly pure nitrogen stream at the top (shelf
gas). The shelf gas is used to provide reboiler duty for the upper column (UC) before it is split
into a return stream (for reflux into the LC) and a stream entering the MHX. From here, some of
the nitrogen is removed as product (LN2) and the rest serves as the reflux stream in the UC. The
bottoms product from the LC is used as a condensing stream for the argon super staged column
(SSC) prior to being passed onto the UC. A “waste” stream of nitrogen (WN2) is removed near
the top of the UC and utilized as an additional cooling stream for the MHX before being vented to
the atmosphere. Purified oxygen product is removed from the bottom of the UC, with a portion
of it remaining liquid product (LO2) and the rest vaporized in the MHX. A pump is needed to
pressurize the liquid in order to obtain a high pressure GO2 product (rather than relying on an O2
compressor). Argon accumulates towards the bottom of the UC and is removed and sent to the
low ratio column (LRC) and then the SSC. A high-purity argon stream is obtained at the top of
the SSC.

In the context of an ASU, DR amounts to utilizing chemical products (oxygen, nitrogen and
argon (to a lesser extent)) as a medium for storing electricity, such that production rate (and
thereby electricity usage) is increased during off-peak times and extra product is sent to storage.
ASUs generally meet the requirements for DR participation laid out above in terms of dynamic
agility, production rate flexibility and product storage capacity.

As is the case with many chemical plants, the dynamics of ASUs are typically slow, with



dominant time constants in the order of several hours. As a consequence, DR production scheduling
models must explicitly account for the dynamics of the process [6, 7, 8].

An accurate first-principles representation of an ASU’s dynamics requires nonlinear models
which, in many practical situations, are large-scale (with thousands of variables and equations)
and poorly conditioned. Their integration in optimal scheduling models adds considerable com-
putational complexity and makes the corresponding optimization problems difficult to solve in a
useful amount of time.

The development of computationally-tractable dynamic models has received extensive attention
in the context of ASUs involving nitrogen as a product [9, 5, 10, 3, 11]. For multiproduct ASUs
(O2, Ny and Ar), limited work is available; this is in no small measure due to the complexity of
the process itself, and in the difficulty to capture its dynamics accurately. Cao et al. [5] utilized
reduced-order dynamical modeling, and Misra et al. [12] and Zhang et al. [13] used operating points
which were quasi-stationary, effectively reducing model complexity. Mitra et al. [14] utilized a state
task network to model constraints on production, which was later extended by Zhang et al. [15].
Such studies have enabled application of similar modeling paradigms to clusters of ASUs operating
together in service of a single site [16, 17]. Zhou et al. [17] used convex hulls to represent a series of
operating modes observed in historical data from which an optimal scheduling problem could pick.
Zhao et al. [16] simultaneously scheduled two ASUs using a state transition network model. Basén
et al. [18] also utilized state transitions, enhancing existing work by having multiple transition
states to better capture transition times and employing such representations on an ASU scheduling
problem with a moving horizon. Kender et al. [19] demonstrated the applicability of boundary
scenarios for determining if shutdown and restart are beneficial in terms of flexible operation. We
note that these works typically do not represent the dynamics of the process explicitly. Rather,
approximations such as rate of change constraints are employed.

To our knowledge, previous literature references that consider explicitly the dynamics of a
multi-product ASU in the DR scheduling calculation is very limited: Caspari et al. [20] applied
economic MPC (eNMPC) to an ASU, Dias et al. [10] proposed a simulation-based optimization
construct that integrated MPC in production scheduling, and Tsay et al. [21] utilized historized
operational data from an industrial ASU to identify Hammerstein-Wiener dynamic models that
were then embedded in a DR scheduling calculation Kelley et al. [4].

The participation of ASUs in DR programs has strong economic incentives; for example, Tsay
et al. [21] demonstrated an operating cost savings potential of 13% in real-time markets and 3%
in day-ahead markets for a multiproduct ASU, relative to steady-state operation. Thus, ensuring
that optimal DR production scheduling calculations are computationally tractable in a practical
amount of time is key to broadening the participation industrial entities in such programs; this
requirement is typically met by developing techniques for reducing model size and complexity.
Below, we describe the rationale for doing so, and review existing results both in the general case
and as they pertain to ASUs.

Computationally tractable DR scheduling formulations generally rely on low-order representa-
tions of the scheduling-relevant closed-loop dynamics of the process. Pattison et al. [3] found that
a small subset of the process variables can be used to represent the dynamics in the scheduling
problem. These variables are scheduling-relevant, and they are (i) at or near their constraints
during normal operation, and/or (ii) are in the scheduling objective function (e.g., they affect the
operating cost of the process). The models used to represent these scheduling-relevant variables
bridge the time scales between the (long-term) scheduling calculation and (relatively shorter term)
process dynamics/process control, and will be referred to as “scale-bridging models” (SBMs). Fo-
cusing particularly on DR scheduling of an industrial air separation unit (ASU), Pattison et al.
[3] demonstrated that using the data-driven SBMs brings significant computational benefits. An



extensive case study showed reductions in computation time of two orders of magnitude, compared
to using a first-principles model. Further reductions in computation time for DR scheduling of
an ASU were achieved by Kelley et al. [22] via an exact linearization of a class of SBMs, which
rendered the DR scheduling problem a mixed-integer linear program (MILP) that could be solved
in a matter of minutes.

3 Production Scheduling for Demand Response

Production scheduling for DR operation seeks to exploit time-sensitive electricity prices (an exam-
ple is shown in Figure 7), aiming to minimize operating cost while, (i) meeting product demand
and, (ii) abiding by all process constraints related to, e.g., product quality and safety. In the con-
text of chemical process operations, DR scheduling is part of a broader decision-making structure
illustrated in Figure 2.

SFhedU|Ing | Product demand
(?p'tlmal v'alues of iL t } Ambient Temperature
decision variables, u | Electricity prices
|
Control >

Control Actions
Controlled
\ variables, y
— o e 29

|
|
|
|
|
|
|
|
|
|

>

Time Scale Seconds Minutes  Days
/Hours

Figure 2: Hierarchy of decisions for chemical process operation. wu are the production set-
points/targets and y are the values of the controlled variables.

The role of the (DR) scheduling layer is to provide a time sequence of production targets (e.g.
a production rate, defined in terms of setpoints @ for the control layer) in response to fluctuations
in product demand and electricity prices. The problem can be described as:

minJ = Operating Cost
u

s.t.  Process dynamic model
Storage system model (1)
Power consumption model
Process constraints
Demand satisfaction constraints

The setpoint sequence produced by the scheduling layer must be dynamically feasible, in the
sense that it can be implemented /tracked by the control system without violating any of the process
constraints over the time horizon considered. As a consequence, the process dynamic model in (1)
must include the dynamics of the process itself, the storage system, and the dynamics of the
controller, i.e., provide a representation of the closed-loop dynamics of the process.



4 A Linear Programming Formulation of the DR Scheduling Prob-
lem

Du et al. [23] introduced the notion of Scale-Bridging Model (SBM) as a (low-order) representation
of the closed-loop dynamics of the process that are relevant to scheduling calculations. Scheduling-
relevant variables can be defined as variables included in key process, quality, and demand con-
straints as well as variables affecting the cost of operation. In the original developments described
by Du et al. [23], an explicit expression of the closed loop dynamics was available owing to the use
of a nonlinear input-output linearizing controller. On the other hand, Pattison et al. [3] advocated
the use of data-driven SBMs, obtained from closed-loop operating data via system identification
techniques. In previous works, we have demonstrated the applicability of (nonlinear) Hammerstein
Wiener (HW) models for slower dynamics, and (some) linear finite step response (FSR) models for
the faster dynamics [22, 24, 25].

While beneficial from a solution time point of view, these approaches resulted in optimization
problems that were either in MIDO (mixed-integer dynamic optimization) or MILP formats. Moti-
vated by the above, a key contribution of the present work is to introduce the use of Auto Regressive
with eXtra inputs (ARX) model as SBMs for DR scheduling calculations. The key advantage of
ARX model is their linearity, which, as we will demonstrate below, results in a linear formulation
of the DR scheduling problem.

4.1 Model Format

It is typical for SBMs to take a multiple input, single output (MISO) form, where the evolution of a
single scheduling-relevant variable is predicted based on multiple variables (which could be inputs
that can be deliberately defined by operators, such as production setpoints/targets, or disturbances
such as ambient temperature). Thus, we consider ARX models of the form:

A@y(t) = S Bulgus(t — ng,) + et 2)
s=1

where A(q) is a polynomial of order n, corresponding to the number of poles in the model, expressed
in time shift operator form, ¢~!. B(q) is a polynomial of order n; corresponding to the number of
zeros, y(t) is the model output, u(t) is the model input, n,, is the number of inputs to the model,
ng is the delay, and e(t) is a term assumed to be white noise. Graphically, an ARX model with
four inputs is represented in Figure 3.
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Figure 3: Representation of a MISO ARX model in (2), where u are the production set-
points/targets, y are the values of the controlled variables, and K and 7 are model parameters.
Here, first order transfer functions are used for illustration purposes.

4.2 Representation of time

We define the DR scheduling problem based on a discrete representation of time. The decision
making hierarchy of DR scheduling (Figure 2) evinces three distinct time horizons, which we account
for in our definition of the time grid. First, we consider a scheduling horizon of Np days, represented
by index d. Second, within each day there are N; scheduling time slots of length 77, represented by
index ¢. Third, within each scheduling time slot, there are N; time points of index j, with length
Ty, which consist the sample times (which are T'; apart) for the ARX models used to represent the
process dynamics. A schematic of this time representation is shown in Figure 4.
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Figure 4: Depiction of the timescales, showing days, d, in the time horizon, scheduling slots, i, and
sample times, j, of the dynamic model, along with the trajectory of a scheduling-relevant variable,
y in response to changes in an input u. Here, u is assumed to be the setpoint of a controller whose
controlled variable is y, and hence y tracks the values of u.



4.2.1 State Continuity Constraints for ARX SBMs

Figure 4 illustrates an important feature of DR scheduling, and a consequent key requirement for
SBM representations of any kind. Specifically, the outputs y are physical variables that reflect
the state of a continuous system; as such, they are continuous in time. This continuity must be
preserved by their models, even when the inputs u are discontinous. DR scheduling formulations
are often predicated on assuming that the inputs u are piecewise constant signals, whose values
change in a stepwise fashion in every scheduling time slot.

In view of these observations, the use of ARX structures as SBMs requires several adjustments
to the scheduling problem. These are explained by considering a scalar ARX model with input u;
and output y; in time slot ¢, having na poles and nb zeros.

Avyij + Asyij—1 4 oo+ Anat1¥ij—na = Biuij + Bow j—1 + ... + Bppi1Yij—nb + €ij (3)

Imposing state continuity when using this ARX model in the DR scheduling problem calls for
a particular set of continuity conditions that link the value of the state across scheduling slots 7.
To this end, we introduce a new parameter, N, as is the number of functional timepoints within
each scheduling slot, i.e. time points which are not used specifically for the purpose of imposing
continuity conditions for each SBM. As an example, if the length of each scheduling slot, i, were
one hour, and the sample time T'; were one minute, the number of functional time points Np within
the scheduling slot would be 60.

The continuity constraints are related to the structure (poles and zeros) of the model (3), such
that the last time points (j) of scheduling timeslot ¢ — 1 overlap with the first time points of
scheduling timeslot 7. In the problem formulation, some extra time points, j, referred to as the
continuity tail, are added to each time slot, in excess of Ng. Thus, the total number of time points,
Nj per scheduling slot, i, can be determined by the following relation:

Nj = Np + max(ng, np) (4)

Because the length of the continuity tail depends on the model order, and a scheduling problem
is likely to feature multiple ARX SBMs of different orders, it is possible that each SBM (for each
scheduling-relevant variable) will have a continuity tail of different length. Uniformity in the number
of time points throughout the scheduling problem is imperative to having a cohesive and generic
formulation. Therefore, the number of timepoints per time slot, N, for the owverall scheduling
problem is set to the highest N; (calculated by (4)) for all the ARX models. Any timepoints in
excess of what is needed for each ARX SBM are left unused; as this problem is implemented in
modeling software, the corresponding variables and equations will be eliminated at the preprocessing
step. Figure 5 illustrates the concepts of functional time points (4) and continuity tail for a case
where to ARX models, of second and third order, respectively, are used.
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Figure 5: Illustration of the continuity tail, functional time, and unused time for an optimization
problem including a second and third order ARX model where Ny = 3, Ny = 63, Np = 60. Each
model has the same number of functional time points.

Based on the continuity tail structure introduced above, we can define the continuity equations
between scheduling time slots:

Yie1,Nj—natj = Yij Vi>1andj={1,..,n4} (5)

WUi—1,Nj—ng+j — Wi,j Vi>1andj= {1, ...,na} (6)

To stipulate that inputs may only change once per scheduling timeslot, ¢, we impose an additional
constraint for the inputs (within each time slot), u, not already included in the input continuity
constraints:

Ui j = Ui j—1 Vi > na (7)

Relationships (5)-(6) and (7) are used in place of merely indexing the input w over ¢ (rather
than over both ¢ and j) for the case where one input w is used for multiple SBMs of different orders
and therefore data for all time points (continuity tail and functional) must be included.

Note that this framework easily accommodates upper (UY, YY) and lower (U*, Y'*) bounds on
process inputs, u, and scheduling-relevant variables, y, which may be required to capture constraints
related to process safety, equipment capacity and product quality.

YE <y <YV (8a)

Ul <wy; <UY (8b)

One of the challenges that arises when using linear models and linear objective functions in
optimal control (and scheduling) problems is that they result in “bang-bang” solutions, or the
abrupt switching between the maximum and minimum [26] which can be difficult for the control-

layer MPC to track. This tendency can be mitigated by imposing rate of change constraints on
inputs of selected ARX models:

luij — i1y < US 9)

10



5 Application to Industrial ASU

5.1 Data set and processing

The data set available for this effort consisted of recordings of all process variables stored in the
process historian. The sample frequency was one minute and the data set spanned one year of
operation, which included several plant startup and shut down events. At all relevant time points,
the process was operating under model predictive control (MPC). No deliberate excitation was
implemented other than changes in the setpoints of the MPC system imposed by the operators as
part of normal operation.

Given the size of the data set and the measurement frequency, some preprocessing was required.
First, the time frames covering start up and shut down events were removed based on process
knowledge. Following this, a first-order Savitzky-Golay filter [27] with a frame length of 15 samples
was applied, with the aim of smoothing the noisy data.

Subsequently, outliers were removed from the filtered data. Outliers were defined as any points
whose value was more than 3 scaled median absolute deviations (MAD*) away from the median
value (10). The MAD is scaled using factor ¢, which is calculated using the inverse complementary
error function (erfc™t).

MAD = median(|y; — median(y)|) Vi = 1,2, ..., N (10a)
MAD* = ¢ x MAD (10b)

-1
c= —r" (10c)

V2erfe(3)

The amount of outlier data points removed for each model is given in Table 1. Note that each
percent value provided is relative to the number of points in the “full” filtered data set, i.e., the
process for fitting the models began with the filtered data set, the relevant input and output data
series were selected, and the aforementioned outlier removal procedure was applied to these selected
series. The process was repeated for each model.

For select variables, additional filtering was needed due to periodic (and relatively high fre-
quency) fluctuations caused by the switching events of the pressure-swing adsorption (PSA) cycles.
For these variables, a simple moving average filter was applied, with the span equal to the period
of fluctuation for the PSA.

5.2 Identification of ARX scale-bridging models

Ten scheduling-relevant variables were selected using the criteria outlined by Pattison et al. [3]
combined with domain knowledge. These are the product flowrates (Fane, Frn2, Faoz2, Froz, and
Fa,), feed air flowrate (Fa;), Power consumption (P;,i € {1,2,3}) for the two compressors and an
internal motor, and an internal flow rate (Cr) essential to process and quality safety. We defined
one measured disturbance, ambient temperature, 7. The ARX model parameters were estimated
in MATLAB [28] using the arx function, with the data set being divided equally into training and
test data sets. The quality of the models is characterized using the Normalized Mean-Square Error
(NMSE) (11), where y are the observed data, and ¢ are the model predictions. Table 1 gives the
model orders and the resulting (unscaled) NMSE values.

2

NMSE — w (11)
lyll3

11



Table 1: ARX model details for the scheduling-relevant variables, where the overbar denotes an
MPC setpoint and ¢(-) denotes a function of its inputs/arguments; the forms of these functions are
not presented to protect confidential industrial information. The percentage of outliers removed
from the dataset for each model is also given.

Variable Input Outliers (%) ma nb NMSE (training) NMSE (test)
P PC,,PCy, T 3.9 2 2 7.8561e-09 8.2419¢-09
Py PCy,PCy, T 4.0 2 2 1.8987¢-09 1.6896¢-09
P3 PCy,PCy, T 3.9 2 2 2.2687e-08 2.4331e-08
Fano &(Fair) 4.1 3 3  7.8075e-08 5.9252¢-08
Frno Frno 1.9 3 3 4.2225¢-10 3.5797e-10
Fao2 Faoo 2.4 3 3 4.988-10 4.551e-10
Froz &(Fair, Fgo2) 18 1 1 1.1259-07 1.7783e-07
Fa, Fa, 1.4 3 3 4.0058¢-09 1.8106e-09
Fir Fir 4.3 3 1 1.1312e-10 6.6157e-11
Cr A(Fair) 12 3 3 1.0325e-09 9.2544e-10

A number of the scheduling-relevant variables were controlled by the process MPC (Fgn2, Fair,
Fgo2, Fa,) and their respective setpoints (Fane, Fair, Fgo2, Far)were used as inputs to the
models. For the power consumption models, principal component analysis (PCA) was used on
the plant flow rates to reduce the number of inputs to the power models, which also incorporated
measured disturbance, 1. The first two principal components, PC7 and PC5 were used as inputs as
they captured 94.9% and 3.48% of the variance, respectively. For variables without direct setpoints,
such as Fr092, Frn2, and Cp, linear functions based on other setpoints were used as model inputs.

Plots of the responses of the ARX models are shown in Figure 6 to demonstrate visually the
model fit to the training and test data as well as the training/test split for each variable. The data
have been scaled using the corresponding upper and lower bounds from the optimization problem
(discussed later) to preserve confidentiality.

12



0.8 0.8

0.6 0.6

FA\r
FL02

0.4 0.4

0.2

T
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
0.2 !
|

e, v

T A
0 : 0 0 L
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000 0 1000 2000 3000 4000 5000 6000

Time (h) Time (h) Time (h)
1 - 1 - 1
|

0.8 0.8 0.8
0.6 0.6 0.6
o o o
8 3 z
w w w

0.4 0.4

0.2

I
I
|
|
0.2 } 0.2
I
|
L

0 L 0 0 L

0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Time (h) Time (h) Time (h)
1 T 1 T 1 T

|

|

08 08 08 1
|

|

! |
I |
! |
| I

I

; |
|
0.6 ; 0.6 0.6
i |
o ! o ! o™ !
| |
0.4 } 0.4 | 0.4 |
| |
i | |
L ﬂl—‘ F I I
0.2 ! 0.2 } 0.2 }
| |
| |

0 L 0 L
0 2000 4000 6000 8000 0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Time (h) Time (h) Time (h)
1 T

|

|

|
0.8 |
|
|
|
|
|
|

0.6
®
o
0.4

0.2

0 1
0 2000 4000 6000 8000 10000
Time (h)

Figure 6: Plots of the data and ARX scale bridging model predictions, where the grey dashed lines
correspond to the data, the blue dashed lines correspond to the predictions, and the vertical black
dashed line serves as a delimiter between the testing and the training data. Data have been scaled
to preserve confidentiality.

A key challenge related to using data-driven models in an industrial context is that they will
inherently include measurement errors or biases from plant sensors. These biases will then be
reflected in solutions of the DR scheduling problem (which will be described in detail later). The
immediate consequence is that these solutions may not be physically meaningful, in the sense that
the material balance may not close. To prevent this, we developed the following heuristic approach.
First, we verified the overall and component balances based on the available data, and computed the
relevant errors. Subsequently, we developed additional ARX models that predicted the material
balance error as a function of the relevant scheduling inputs. Subsequently, these models were
included in the DR scheduling problems as additional constraints, to enforce closure of the material
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balance. Due to confidentiality reasons, we cannot present the explicit forms of these models,
but we flag the use of this approach in order to provide a complete account of using data-driven
SBMs to represent industrial entities for optimal (DR) scheduling problems, and in the interest of
supporting further implementations.

5.3 Product storage and demand modeling

The plant includes storage tanks for LN2 and LO2, from which product can be removed to meet
demand during peak electricity pricing hours or where excess product can be diverted when pro-
duction rates are increased during off-peak hours. The amount of gas product, p = {GO2, GN2},
removed from storage (Sgijtj) is governed by:

Spivj + Fpij = D (12)
where F},; ; is the flow of product p from the process at time points (4, j) and D, ; is the demand of
product p during scheduling slot ¢. To represent inventory holdup, we utilize a simple integrator:

Spyigr1 = (S5 o1 — Soi 1) + Spi (13a)
Spig = Fpig (13b)
Sp,1,1 =Sy (13c)

where the flow into storage is equivalent to the liquid product from the process (LN2, LO2). Due
to the discretized nature of (13a), we impose a continuity constraint:

Spi,N; = Sp,i+1,j=1 (14)

such that the inventory holdup at the end of timeslot i is equal to the state at the beginning
of timeslot 7 + 1. We also impose an endpoint constraint on the inventory holdup such that the
inventory at the end of the time horizon is greater than or equal to the starting inventory. This
constraint is to ensure there is no system depletion.

Spi,Ny 2 S;? (15)

We do not consider Ar storage (at least as it pertains to DR operation) in our scheduling model.
While Ar is an energy intensive product, the time constant of the process dynamics involving
modulating Ar production is far too long for such modulation to be practical for demand response
in the day-ahead electricity market. Nevertheless, in order to account for the fact that the Ar
product flow rate does fluctuate as other production changes are implemented in the plant, we
require that the average Ar production be equal to Ar demand. This allows for small fluctuations
in F'4, to occur in order to ensure that the mass balance does close while the other streams fluctuate
(particularly Fl;) to reduce electricity cost. The corresponding constraint is formulated as:

. FAr
ZNINJJ > Da, (16)
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5.4 Demand response scheduling problem
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Figure 7: Hourly electricity prices for an aggregate node in Fresno, California during a 72-hour
period in September 2020, provided by the California Independent System Operator (CAISO) [29].

The DR scheduling problem follows the format of (1):

N; Ny 3
min Z Z Z P ;C;
B o
s.t.  Process dynamic models (3)-(7) (17)

Storage system model (12)-(15)
Process constraints (8), (9)
Demand satisfaction constraints (12),(16)

where C; is the hourly electricity price shown in Figure 7 and P, ; ; is the power consumption of
the three compressors (P, P2, and P3) as predicted by the ARX SBMs described earlier. We have
imposed an ROC constraint (based on (9)) on the Argon flowrate (Fa,) to ensure the MPC layer
is able to track it.

|FATi,j - FATz‘—l,j’ < Fzﬁr (18)

The scheduling-relevant variables were constrained to lie between the upper/lower bounds (8)
of the industrial data used to fit the models in Table 1, to ensure that the resulting DR schedule
does not exceed the domain of validity of the scale-bridging models.

6 Results

The DR scheduling problem (17) was implemented in GAMS 33.2.0 [30] and solved using CPLEX
12.10.0 [31] on a 64-bit Windows system with Intel Core-7-2600 CPU at 3.40 GHz and 16 Gb RAM.
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The resulting problem size was 224,652 equations and 184,568 variables. Ambient temperature T’
(which is a model input as a measured disturbance), was assumed to be constant. The case of
steady-state operation of the plant serves as the baseline for estimating the cost savings derived
from DR operation (i.e., from solving problem (17)). The solution indicates that for the price
profile and three day time considered, DR operation yields a 8.91% reduction in operating cost,
with a solution time of 1.98 min. Figure 8 shows the optimal (scaled the same way as the original
data in Figure 6) trajectories for the scheduling-relevant variables (as well as the relevant setpoints)
listed in Table 1. We note here that while the case study is centered on an “offline” solution of the
DR problem, it is likely that this problem would in practice be solved online in a moving horizon
fashion, as price information and process state data are updated [24]. Nevertheless, given that
the optimization problem is an LP, we expect that the solution times would be similar to those
presented here for other sets of price and process data values. We also note that these solution
times compare favorably with those reported in our previous works [22, 24, 25], which relied on

mixed-integer models of ASUs that were less complex (and had lower-dimensional models) than
the plant considered in this work.
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Figure 8: Plots of the optimal trajectories of scheduling-relevant variables from the solution of (17),
where the black solid line represents the optimal setpoint (MPC input) trajectory, and the dashed

red line represents the variable response calculated by the ARX model. Data have been scaled to
preserve confidentiality.

The flowrates in Figure 8 fluctuate in time, where the lower flow rate values align in time with the
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peak pricing hours shown in Figure 7. The Argon flowrate (F4,) is limited by the rate-of-change
constraint imposed (18), as is evinced by the “stair step” pattern.
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Figure 9: Inventory levels corresponding to the optimal schedule.

Figure 9 shows the dynamics of the inventory in the storage tanks, scaled such that the initial
value is set at 1 and the y-axis shows a fractional increase based on the initial value. As shown
in the figure, the endpoint constraints (15) are satisfied. The nature of the plant operations is
such that there is a non-zero flow of LO2 and LN2 into the storage system at almost all times, the
storage holdup rarely drops below its initial inventory level. Akin to the trends noticed in the flow
rates of Figure 8, the storage holdup fluctuates inversely with the electricity prices in Figure 7.
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Figure 10: Total power consumption for the DR scheduling problem (17), scaled using the combined
upper/lower bounds from Pj, P,, and Ps in the data.

Lastly, we show the total power consumption in Figure 10, which peaks during off-peak pricing

hours and lowers during peak hours. The total power shown in the plot is a sum of the three power
outputs in Table 1.
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7 Conclusions

In this work, we solved a demand response (DR) optimal scheduling problem under time-sensitive
electricity price for an industrial air separation unit (ASU). The DR scheduling scheme reported
here has potential to increase grid reliability by responding to fluctuations in electricity prices with
counteractive electricity consumption rates. Specifically, the production rate of the ASU is raised
above demand during off-peak pricing hours and extra product (nitrogen) is sent to storage for
later use during peak pricing hours when production rate is lowered below demand and product
from storage is sent to customers. To include dynamic considerations in the optimal scheduling
problem, scale-bridging models (SBMs) were used, which have significant computational benefits
and thus open the door for consideration of complex industrial processes here.

The central contribution of this work is the utilization of data-driven autoregressive with extra
inputs (ARX) SBMs identified from historical operating data for representation of a true industrial
process. These models were incorporated into a DR scheduling problem. While the LP formulation
of the scheduling problem using ARX models is complex in the way of continuity constraints
and timescales, the computational time advantages of LPs far outweigh the additional complexity
introduced by ARX continuity constraints. Namely, the DR scheduling problem solved in 1.98
minutes for a 3-day time horizon. Furthermore, this study demonstrated a significant cost-reduction
potential for DR operation for ASUs; for the scenario considered, a cost reduction of 8.91% was
possible. While this value may vary from day to day as electricity prices fluctuate, it provides a
strong argument in favor of industrial DR, participation.
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