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ABSTRACT

The integrated design and control (IDC) framework is becoming increasingly important for sys-
tematic design of flexible manufacturing and energy systems. Recent advances in computing and
derivative-free optimization have enabled more tractable solution methods for complex IDC prob-
lems that involve, e.g., multi-period dynamics, the presence of high-variance and non-stationarity
probabilistic uncertainties, and mixed-integer control/scheduling decisions. Parallelly, develop-
ments in techno-ecological synergy (TES) have allowed co-design of industrial and environmental
systems that have been shown to lead to win-win solutions in terms of the economy, ecological,
and societal benefits. In this work, we propose to combine the IDC and TES frameworks to more
accurately capture the real-time interactions between process systems and the surrounding nat-
ural resources (e.g., forests, watersheds). Specifically, we take advantage of (multi-scale) model
predictive control to close the loop on a realistic high-fidelity simulation of the overall TES system.
Since this closed-loop simulation is computationally expensive, we propose to solve the resulting
design problem using a data-efficient constrained Bayesian optimization method. We demonstrate
that the new perspective offered by the proposed TES-IDC framework leads to robust win-win
solutions that can more effectively handle uncertainty in future disturbances compared to tech-

nology-only solutions on a chloralkali manufacturing unit built in an urban forest.

Keywords: Sustainable design, Model predictive control, Bayesian optimization, Uncertain systems

INTRODUCTION

Within the discipline of process systems engineer-
ing (PSE), the systematic and simultaneous consideration
of design and time-varying operation parameters has be-
come paramount for the creation of next-generation
manufacturing and energy systems. Over the last four
decades, there have been several contributions in PSE
that seek to optimize process design with the considera-
tion of future uncertainties and operational decisions.
One of the earliest works that provided the quantitative
framework for assessing various designs and their ability
to handle uncertainty for steady state systems was the
concept of flexibility analysis [1, 2], which was later ex-
tended to dynamical systems by inclusion of time varying

https://doi.org/10.69997/sct.156674

constraints [3]. More recently, flexibility analysis of
black-box functions has also been proposed [4-6]. One
of the major shortcomings of the flexibility approach was
the fact that this paradigm assumed analysis of open-
loop systems, which entails that an attainable operating
point according to flexibility analysis, would in fact be in-
tractable under closed-loop conditions. During the devel-
opment of flexibility analysis, another concept was par-
allelly developed, which assess controllability of process
design, namely, the dynamic resilience [7] which was ex-
tended to account for other inherent characteristics of
the system, such as constraints on manipulated varia-
bles, plant-model mismatch, etc. These traditional engi-
neering design approaches, however, considered design
and control of processes and systems as separate
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problems. The design problem establishes the flow of
components within a process, while the control problem
addresses the maintenance of process conditions under
disturbances and constraints. Addressing these prob-
lems separately can lead to decisions that result in sub-
optimal process performance operationally, economi-
cally, or sustainably. Thus, the advent of concurrent de-
sign and control methodologies for process systems
gained momentum in the early 1990s [8].

To improve the flexibility and resilience of process
systems, the integrated design and control (IDC) frame-
works relies on the fact that achievable plant dynamics
are completely tied to the selected process design [9].
Early IDC literature [10-12] framed the problem to consist
of an economic objective function constrained by the op-
erating capabilities of classical control strategies such as
Pl controllers. Incorporation of more advanced optimiza-
tion-based controller strategies such as model predictive
controllers (MPC) were proposed in [13, 14], with as-
sumptions that simplified the overall optimization prob-
lem. One can apply coarse approximations to the problem
formulation; however, this will fundamentally degrade the
quality of the problem/solution — if we miss out on these
realistic phenomena then it is not clear that IDC provides
any added value over traditional two-stage “design then
control” strategies. The requirement of high-fidelity sim-
ulated solutions is buttressed by advancements in com-
putational resources that allow implementation of pow-
erful optimization methods, and detailed simulations
which can span multiple spatiotemporal scales. The
standard formulation of an IDC problem is a challenging
stochastic optimization problem; although the design
variables are often finite dimensional, the set of all pos-
sible feedback control policies is infinite dimensional. Re-
cent work [15, 16] has shown that a combination of effi-
cient derivative-free optimization (DFO) solvers and low-
dimensional decision rule approximations can be used to
tackle the challenging optimization problem.

These works, however, only consider technocentric
solutions and don’t incorporate the interactions between
process operations with nature. The coupling of techno-
centric and nature-based solutions is important because
multi-scale dynamics results in complex, unpredictable
systems. Historically, engineering has developed a ten-
dency to modify and dominate ecosystems to improve
predictability. Building large dams, canals and levees are
a consequence of engineering’s tendency to convert the
homeorhetic nature of ecosystems into homeostatic be-
havior. As another example, for air quality regulation,
conventional engineering systems would recommend
fast-growing genetically modified trees that provide con-
stant air quality regulation services throughout the year.
In the short run, such highly engineered systems would
be able to meet human needs, by transferring variability
to other parts of watershed or airsheds. Unfortunately,
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this improvement in “efficiency” comes at the cost of re-
siliency. Due to poor biodiversity, genetically engineered
trees would be more susceptible to pests or diseases as
compared to natural forests. Similarly, floods and hurri-
canes can damage dams and levees leaving them inop-
erable. To analyse the interaction between nature and
technology, we refer to techno-ecological synergy (TES)
[17], which is a systems-based framework to account for
ecosystems capacity and benefit from its synergy with
technological systems. TES offers an opportunity to-
wards resilient systems when compared to technological
only systems. However, the resilience comes at a cost of
homeorhetic behavior. For gaining maximum benefits
from TES, engineering design and operation needs to
evolve beyond hemostatic behavior towards a system
that adapts nature’s intermittency. In this work, we ad-
dress the open question - Aow to systematically solve the
IDC problem with embedded real-time interactions be-
tween nature and technology?

BACKGROUND AND PRELIMINARIES

In this section we will briefly discuss two important
components of the proposed framework, namely the IDC
formulation, and Bayesian optimization, which is our se-
lected method for tackling the IDC problem.

Integrated Design and Control under
Uncertainty

The integrated design and control problem can be
formulated in terms of the following stochastic optimiza-
tion problem:

(d‘rzr}ie%‘z Cd)+Ey{0d, z w)}, (1)
where d € R™ are the design variables that must be se-
lected from a compact set D € R"¢; z € R™ are the control
decisions restricted to compact set Z € Rz, which pa-
rameterize recourse/control actions in response to un-
certainties (only impact operating cost of the process);
w € R™ is a sequence of random variables that describe
the complete set of exogenous disturbances/uncertain-
ties in the process. The objective function (1) is the com-
position of two functions, namely, the capital expenditure
C(d):D - R, and the expected value E,, of the operating
expenditure 0(d, z(d), w) with respect to w. In this work,
we are interested in computing realistic estimates of op-
erating costs E,{0(d, z, »)}, meaning we do not want to
make coarse approximations (e.g., steady-state opera-
tion). To achieve this, we assume that the system dynam-
ics can be represented by the following generalized time-
varying nonlinear system in the presence of uncertainty:

xt+1(dJ z, (1.)) = h‘t(xt(dJ z, w)rut(xt(dl z, (1)), Wt: d);
x0(d, z, ) = by(d), (2)
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where t € 7 :={0,...,T — 1} is the discrete time index that
ranges over finite number of T time stages; w is a se-
quence of random disturbances w € W c R"», which is
assumed to be measurable at corresponding te
T;u.(d, z, ) € U c R™ are control inputs parameterized
by z; and x.(d, z, w) € X c R™ are state variables with in-
itial conditions by (d) that depend on design variables. Our
only assumption is that we can simulate the process (2)
to get future state sequences {x,(d,z, w), ... ,xr(d, z, ®)}
for specific realizations of the design d, control parame-
ters z, and disturbances w. We do not need closed-form
expressions for any of these components — we only need
to be able to generate sample trajectories, which could
be from some high-fidelity black-box process simulator.
The control inputs are assumed to be set by a para-
metrized decision rule (DR) with the following structure:

ut(dr Z, (1)) =Kt(xt(dt Z,(U),Wt,Z), (3)

where k;: X X W x Z - U is a known function with free
parameters z. The value of (3) is twofold: (i) it enables us
to work in a reduced-dimensional space through proper
selection of z and (ii) it enforces causality by design such
that only past-revealed information can be exploited in
the selection of the current control action. We typically
select (3) to be some form of advanced control such as
MPC due to its nice combination of performance and flex-
ibility.

Given this dynamic model, the operating cost will
typically be represented as a sum of stage costs over the
entire system lifetime such as:

0(d, z,w) = X3 £, (x:(d, z, ), us (d, z, W), W, d) +
+€T(XT(d.Z,0J,V): d): (4)

where £;: X XU X W XD - R is the contribution to the
operating cost at each time stept € 7, and £;: X XD -
R is contribution to the operating cost at the final time
step (e.g., recoverable cost from equipment or product).

The Bayesian Optimization Framework

Bayesian optimization (BO) is a powerful tool for
solving black-box optimization problems in the presence
of zeroth-order data and expensive to evaluate func-
tions. The objective of BO is to globally minimize a cost
function f such that f* = r&igf(e), where domain 0 is a

closed set. The optimization framework usually begins
with "warm-starting" a surrogate model with small hum-
ber of randomly selected function evaluations over the
domain of decision variables. In low-data regime, Gauss-
ian process (GP) regression has been most widely used
surrogate model since they are both probabilistic and
nonparametric. A GP prior is placed on the objective
function f(*) ~ GP(m(*),k(,")), which can be fully speci-
fied by its mean function m(*), and covariance kernel k(*
,;"). The mean function and covariance kernels for a pair
of inputs 6,0’ € R™ is defined as follows:
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m(6) = E¢{f(6)}, (5a)
k(8,0 =E{(f(6) —m(@)(f(0") —m(6))}.  (5b)

Given a set of inputs 6 = {6, ... ,8,}, we can update the
GP model prior with available data using Gaussian condi-
tioning formula and obtain the following analytical form
for mean and variance for a test point 8, and noisy meas-
urements y; = f(6;) +¢; foralli =1,...,n [18]:
1, (8) = m(6) + k(0,6)(k(8,0) + 621,) "  (y1., — m(8)),

(6a)

aZ(0) = k(0,0) + k(6,0)(k(0,0) + a.1,,)"1k(6,0), (6b)

Given a predictive surrogate model, one must now select
a so-called “acquisition function” «,(8) whose value at
any 6 € © provides a good quantitative measure of the
(expected) benefit in querying f at this pointin the future.
By definition, the next best sample can then be found by
solving an optimization problem:

Onv1 =maxan(9). (7)

Note that this problem is significantly easier to solve the
original problem since it is only defined in terms of the GP
surrogate model, which can be cheaply evaluated (in the
low data limit) and whose derivatives can be computed
using established automatic differentiation schemes. A
variety of acquisition functions have been proposed for
single-level optimization problems [19, 20] .The same
concept can also be generalized to other types of prob-
lems with additional structure such as optimization with
black-box constraints [21] [22], multi-objective optimiza-
tion [23], robust optimization [24-26], just to name a few.

In this work, we use a high-fidelity, offline simulator
to compute cost and operating expenditures for a given
(d, z). Similar to previous work [15], the decision variable
of BO framework is given by the concatenation of design
variables and control decisions of the IDC problem, i.e.,
0 := (d, z). We leverage steps (5-7) to sequentially search
over 6 € ® := D x Z, and find the optimal solution of (1) in
a data-efficient manner.

CASE STUDY: CHLORALKALI SYSTEM
DESIGN

We consider a chloralkali manufacturing process lo-
cated in Freeport, Texas, which was originally studied by
Shah and Bakshi [27] . The energy-intensive process de-
rives its energy from a coal-fired generator, which results
in air emissions such as nitrogen dioxide (NO3), sulfur di-
oxide (0O2), carbon dioxide (CO2) and particulate matter.
The NO2 emissions acts as a precursor to ground level
ozone Os. Our goal is to design a minimal cost system
that can provide effective air quality regulation (such that
it is potentially a net benefit to society), even under un-
known variability in weather conditions. We specifically
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want to leverage the natural ability of trees to uptake air
emissions, while accounting for dynamic uncertainty in
solar irradiance, wind velocity, and leaf surface area.

Model Description

For the decision rule, we formulate an economic
MPC (eMPC), whose objective is to minimize the total an-
nualized cost, ZT4¢ of the cholalkali production unit with
hourly sampling, which corresponds to T = 8760 time-
steps. Two design variables (n; = 2) can be varied at the
BO level; first, is the technocentric choice of the size of
selective catalytic reactor (SCR), SS® to treat NO,
whereas the second is the eco-centric option of refor-
estation area, A", in the vicinity of the facility. There are
seven uncertain variables in the air quality regulation
problem - namely NO2 concentration in ambient air, Os
concentration in ambient air, NO2 dry deposition rate, at-
mospheric mixing height, photo-chemical destruction
rate of NO2, and photo-chemical production rate of Os.
Presence of uncertain variables leads to high computa-
tional demand because the eMPC not just has to predict
the future behavior of the uncertain variable, but also be
robust against future changes or deviations. We select a
control horizon of one hour (N, =1) and we take ad-
vantage of the fixed total time-steps T of the closed loop
simulation and consider a prediction horizon of N, = T —
to + 1, where t, is the initial time step of simulation. For
example, at first hour, t, = 1 and N,, = 8760; after imple-
mentation of control action recommended by the DR, at
the next time step (i.e., second hour), t, = 2, prediction
horizon decreases to N, = 8759. Although the proposed
shrinking horizon approach improves computational trac-
tability of the IDC simulation, there would still exist the
computational burden for long prediction horizons. To al-
leviate this drawback, we divide the prediction horizon
into two parts; the first 24 hours after t,, for which we
build a multivariate time series forecasting model using a
Gated Recurrent Unit (GRU) neural network using past
data of 168 hours; the predictions for time steps after 24
hours to N, are allotted values using time series cluster-
ing of historical data. The number of time series clusters
(ID]) is set to be one of the control decisions (n, = 1) at
the BO level. The DR in this setting is given by the mini-
mizer of the below optimization problem:

min VARCS (8a)
{Fei, (t+kle} X

subject to chlorine production model and power require-
ment,

P =fi(F?), vt €1,..,Np, (8b)
supply-demand accounting for NO2 and O3,
Dfy = fo(P, S5F), vt € 1,..., Ny, i = {NO,, 03}, (8c)

Sil?t = f3(Ar)JVt € 1; ervi = {NOZr 03}1 (8d)
Shah et al. / LAPSE:2024.1551

air quality constraints,
¢/, = f(C% DE, SE),Vt €1, ..., N, i = {NO,, 03}, (8e)
and economic and health impact cost calculation,

ZTAC — thvjl fs(FtClz,Ar,SSCR), (8f)

N,
zHealth _ DI f6(Ci];, Ci(,)t)‘ ®9)

where F¢,, is the production rate of chlorine. For details
about the constraints in the control policy, the reader is
referred to Shah and Bakshi [28] (see supporting infor-
mation). We refer to the same study to define societal
health impact cost, Z#e4th which reflects the monetary
valuation of the chloralkali facility’s operation on the
health of neighbourhood. We use iTree Eco v6 to calcu-
late hourly dry deposition velocity of NO2 and O3z, and at-
mospheric mixing height. The deposition velocities for
year 2006-2015 are obtained using local meteorological
conditions obtained from the National Climate Data Cen-
ter (NCDC) for Clover Field Airport, which is the nearest
good quality data source to our study site. The case
study assumes the vicinity of the manufacturing facility
to be barren i.e. having zero supply capacity and availa-
bility of 15 km? for restoration to increase capacity. The
cost of reforestation is set at $75/km? [29]. Native spe-
cies of White Ash is considered to approximate the ca-
pacity of the restored forest ecosystem. Constrained BO
[21, 30] is used to make design decisions on d =
{SSCR, A"}, and z = {|D|}, with constraints that enforce
zHealth < 0, The workflow is summarized in Figure 1.

Constrained Bayesian

——————— Optimization
E.(0(d, 2 w)} | {d, z}
ZHealth rglp C(d) + E, {0(d, z,w)}
R |
Predict, Wi,
Time Series t=t+1 Control Policy
Forecasting u, = Ky (x(d, 2, 0), %, 2)
- T Loops j N,
We Simulation

vy = Re(xeate wed))

Figure 1: lllustration of the proposed efficient TES-IDC
framework combining MPC and BO.

Results and Discussion

The BO algorithm applied to the TES-IDC problem
converged to a solution of reforestation area of 11.798
km?, 17 representative cluster days, and no SCR require-
ment. The optimal total annualized cost of production has
a mean value of $920k and standard estimation error of
$4.53k. The uncertainty in objective value results from
consideration of 10 different meteorological years data
used in the simulation. The optimal solution obtains a
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societal health impact cost with mean $-194k (i.e., a net-
positive impact on society) and standard estimation error
of $57.72k. The operational solution needs to satisfy
hourly air quality constraints. Due to forecasting error and
prediction mismatch, it is not possible to satisfy con-
straints at each and every time step. Thus, the magnitude
of constraint violation (8 b-g) is minimized by adding a
corresponding weighted exact penalty function to the
objective function in (8a), which leads enforcement of
soft constraints in the optimization problem (8). The op-
timal operational solution is expected to have a mean of
10.3 constraints violations with standard measurement
error of 5 instances. This is compared with a retrospec-
tive scheduling approach, which uses past data to set an
operating schedule for the future plant operation [27, 28,
31]. The optimal operational schedule for meteorological
year 2010 obtained from TES-IDC framework is depicted
in Figure 2b. It should be noted that the operational
schedule was obtained in closed-loop manner, where the
optimal control actions were updated with each realiza-
tion of uncertainty. Figure 2a shows retrospective oper-
ational schedule of year 2009 applied to year 2010. The
retrospective solution (207 violations) has an order of
magnitude more hourly constraint violations as compared
to TES-IDC solution (10 violations). Therefore, the TES-
IDC optimal configuration is robust to changes in mete-
orological conditions. Assuming meteorological condi-
tions remain similar to that of the last 10 years, the opti-
mal solution (design conditions and controller configura-
tion) found by BO can maintain optimality and constraint
satisfaction of the chloralkali unit.

Hourly Production Rate
I Hourly Constraint Violations

=== Mean Monthly Production Rate

""" Mean Annual Production Rate
3.5

iolations = 207

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
(a) Simulation of operations in year 2010 using an optimal
retrospective solution obtained for meteorological year
2009 using the previous method by Shah and Bakshi [27].

3.5

0.0

05 | — e

Fo, (th™1)

1.5
Total Violation = 10

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
(b) Simulation of operations in year 2010 using solution ob-
tained from proposed IDC-TES. The number of instances of
air quality constraint violation decreases significantly as
compared to previous retrospective approach.
Figure 2: Operational schedule using (a) retrospective and
(b) TES-IDC approach. TES-IDC approach allows for better
constraint satisfaction as compared to previous approach.
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CONCLUSIONS

In this work, we consider real-time interactions be-
tween nature and technology in the IDC simulation, re-
ferred to as TES-IDC, which has not been previously ad-
dressed in the literature. Furthermore, the proposed so-
lution does not make any assumptions about continuity,
linearity or convexity of the underlying design and control
problem. Application of TES-IDC framework on air quality
regulation problem demonstrates the ability of techno-
logical systems to account for intermittency and variabil-
ity of ecosystems in real-time operations. The operation
using TES scheme can ensure long-term net-positive
manufacturing goals and societal gain. Explicitly ac-
counting for uncertainty through scenarios, allows us to
report expected values of objective along with a measure
of uncertainty. This framework motivates application in
design and operation of flexible renewable systems. The
case study considered in this work has assumed con-
stant spatial capacity of ecosystem. Future work is to for-
malize the TES-IDC framework and provide the PSE com-
munity with access to open-source codes for bench-
mark. Another interesting avenue for further investigation
is the inclusion of spatial dimension to the IDC problem to
obtain spatio-temporally explicit work design and opera-
tion of TES-IDC problems.
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