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ABSTRACT
In this work, an optimization model was constructed to help ad-
dress important design and operation questions for a novel sys-
tem combining natural gas power plants with carbon capture and
thermal storage. A control co-design (CCD) approach is taken
where key plant sizing decisions (including storage capacities
and energy transfer rates) and operational control (e.g., when
to store and use thermal energy and operate the plant) are con-
sidered in an integrated manner using a simultaneous CCD strat-
egy. The optimal design, as well as the operation of the system,
are determined for an entire year (either all-at-once or through
a moving prediction horizons strategy) in a large, sparse linear
optimization problem. The results demonstrate both the need for
optimal operation to enable a fair economic assessment of the
proposed system as well as optimal sizing decisions due to sen-
sitivity to a variety of scenarios, including different market con-
ditions, site locations, and technology options.

Keywords: control co-design; optimal control; thermal energy
storage; carbon capture; natural gas power plant

1 INTRODUCTION
International climate goals [1] and increasing penetration of re-
newable sources indicate a shift towards an energy market de-
fined by fluctuating electricity demand and prices [2–6]. Within
this prediction, an opportunity exists for alternative generation
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sources, which must operate flexibly to accommodate the mar-
ket’s variability and must also be close to carbon neutral to con-
form with the predicted penalties for the emission of CO2 [3–7].

Natural gas combined cycle (NGCC) power plants, equipped
with carbon capture (CC) technology, have been predicted to
play a significant role in future grids [2, 7–9]. NGCC plants
have proved to be flexible [2, 3, 5, 10, 10, 11], relatively inexpen-
sive [5, 10], and are a consolidated technology already prevalent
in the US and most advanced economies [2, 12]. On the other
hand, while CC technology has demonstrated CO2 capture rates
larger than 90% [13], it still faces challenges preventing its com-
mercial deployment, such as large capital investment and opera-
tion costs [12,14], flexibility limitations [4,15], and the parasitic
load imposed by CC on the host system for solvent regeneration,
which can decrease the net power output of the plant by as much
as 10% [4, 7, 12, 16].

Solutions have been proposed to overcome these limitations
and make CC profitable: some include coupling CC with exter-
nal energy storage [7,14], storing CO2-rich solvent to limit CC’s
parasitic load at peak electricity prices [4, 6], and venting the
CO2 when more profitable than using CC [17]. A slightly differ-
ent proposed solution consists in integrating NGCC and CC with
hot thermal energy storage (HS) and cold thermal energy storage
(CS) units. Energy can then be extracted from the NGCC or di-
rectly from the grid when the electricity prices are low and stored
in both thermal energy storage (TES) units, and it can be dis-
charged at peak prices from the HS to provide the heat required
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for CC and from the CS to chill the inlet air to the NGCC an in-
crease the plant’s net power output. The implementation of TES
technology would retain the output flexibility of NGCC power
plants while allowing CC to operate at steady-state; it would de-
constraint the NGCC plant beyond nominal operation output dur-
ing peak price periods by utilizing stored energy from the TES
for solvent regeneration and air pre-chilling [18, 19].

Although a promising concept, the complexities of an
NGCC power plant coupled with CC, HS, and CS pose great de-
sign and control challenges: for profitable implementation, each
of the aforementioned subsystems (NGCC, CC, HS, CS) needs to
simultaneously operate in response to time-varying external sig-
nals such as electricity and fuel price, CO2 tax, and ambient tem-
perature. In addition, sizing decisions accompanying the realiza-
tion of such systems are strictly dependent on their day-to-day
operation. Accordingly, a control co-design (CCD) optimization
approach can effectively be leveraged to simultaneously optimize
the physical design and control strategy of this system [20]. Ex-
isting literature involving optimal design and control of similar
projects has focused on photovoltaic and wind energy systems
integrated with battery storage [21–23], power generation sys-
tems coupled with energy storage [24–28], or alternatively it has
looked at the optimization of NGCC power plants coupled with
CC [6, 17, 29, 30], but never with TES.

Here we present a CCD optimization model tailored to max-
imize the net present value (NPV) of a NGCC power plant cou-
pled with CC, HS, and CS units in different scenarios. The model
has been used to assess 17 different TES configurations with var-
ious CC technologies in hundreds of electricity market scenar-
ios, as well as different geographical locations defined by their
unique temperature profiles [18, 19]. While using NPV to evalu-
ate the system over its lifetime, the model leverages an efficient
formulation and optimization techniques to represent the plant’s
operation with high resolution. The optimization problem can

be posed as a simultaneous CCD linear program when assum-
ing perfect foresight of the provided techno-economics signals.
However, when limited information on the signals is imposed to
resemble more realistic market conditions, a nested approach is
chosen, and the overall problem is solved as a sequence of linear
subproblems.

The rest of the paper is organized as follows: Sec. 2 de-
scribes the CCD problem formulation; Sec. 3 discusses the spe-
cific optimization methods utilized; and Sec. 4 presents the re-
sults of several different case studies demonstrating the capabili-
ties of the CCD approach to make sound economic judgments of
the proposed system. Finally, Sec. 5 presents the conclusions.

2 PROBLEM FORMULATION

In this section, the dynamic optimization model of an NGCC
power plant (PP), coupled with CC, HS, and CS units as well as
the NPV calculation are presented. Because of the dynamic na-
ture of the model, many of the problem variables depend on time
t. In addition, some of the model variables also depend on am-
bient temperature T0, which is provided to the model as a time-
dependent signal T0(t). Figure 1 is a high-level representation
of each of the subsystems and the energy flows between them.
Different arrow colors in the image represent different forms or
power, including heat transfer, electrical power, and inlet-cooling
power from discharging the CS (which increases the efficiency
and capacity of the PP). Many of the specific parameters used in
the case study are in App. A.

2.1 Thermal Energy Storage
Plant Variables and Constraints —There are three plant
variables associated with each of the TES units:

p =
[
ΣHS PHS,in PHS,out ΣCS PCS,in PCS,out

]T
(1)
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where (ΣHS, PHS,in, PHS,out) are the HS storage capacity, max-
imum energy transfer rate into the HS, and maximum energy
transfer rate out of the HS, respectively, and (ΣCS, PCS,in, PCS,out)
are the equivalent plant variables for the CS.

To ensure that the hot and cold TES capacities are non-
negative, we impose the following constraints:

ΣHS ≥ 0 ΣCS ≥ 0 (2)

where no thermal storage is an option if the lower bound is active.
Since the HS configuration’s purpose to take over the CC

reboiler duty, we assume that the maximum energy rate from the
HS is the provided nominal design; to avoid technical limitations,
we make a similar assumption for the CS. In addition, we enforce
the energy rate from the TES units to be non-negative. These
points are summarized with the following constraints:

0 ≤ PHS,out ≤ PHS,out 0 ≤ PCS,out ≤ PCS,out (3)

Similarly, there are technical limitations imposed onto the
maximum charging rates, as well as non-negativity:

0 ≤ PHS,in ≤ PHS,in 0 ≤ PCS,in ≤ PCS,in (4)

Control Variables and Constraints —As TES units, both
the HS and CS can dynamically store and release thermal power;
these are the four control variables:

uT (t) =
[
pHS,in(t) pCS,in(t) pHS,out(t) pCS,out(t)

]T
(5)

where (pHS,in, pCS,in) are the input power to the HS and the CS
from the electricity generator, respectively; pHS,out is the output
power from the HS to the CC; and pCS,out is the output power
from the CS to the PP module.

To ensure that the non-negative power inputs are less than
the limits, we include the following inequality constraints:

0 ≤ pHS,in(t) ≤ µHS,in(T0) ·PHS,in (6a)
0 ≤ pCS,in(t) ≤ µCS,in(T0) ·PCS,in (6b)

where (µHS,in, µCS,in) define the fraction of the nominal power
input available at the current temperature T0. Similar constraints
are imposed on the allowed power outputted from the TES units:

0 ≤ pHS,out(t) ≤ µHS,out(T0) ·PHS,out (7a)
0 ≤ pCS,out(t) ≤ µCS,out(T0) ·PCS,out (7b)

where (µHS,out, µCS,out) similarly constraint the effective dis-
charging power available to the TES units at any time.

States and Constraints—There is one key state for each of
the two TES units, namely the current amount of stored thermal
energy. The differential equations are simple balances between

the input and output powers for each:

ĖHS = κHS,in · pHS,in(t)− κHS,out · pHS,out(t) (8a)
ĖCS = κCS,in · pCS,in(t)− κCS,out · pCS,out(t) (8b)

where (κHS,in, κCS,in) are the coefficients converting the electric-
ity subtracted from the PP to thermal power to the TES units;
whereas (κHS,out, κCS,out) indicate the conversion from the TES
discharging electrical power to the thermal power flowing out of
the TES units. The initial states of the thermal storage subsys-
tems are:

EHS(t0) = EHS,0 ECS(t0) = ECS,0 (9)

To ensure that the thermal energy storage is positive and below
the maximum level allowed, we finally include:

0 ≤ EHS(t) ≤ ΣHS 0 ≤ ECS(t) ≤ ΣCS (10)

2.2 Natural Gas Combined Cycle Power Plant
Control Variables and Constraints—There is one control
optimization variable associated with the NGCC power plant,
which represents the requested power output:

uP(t) =
[
pPP(t)

]T
(11)

We include a constraint to ensure the requested power output to
be non-negative and less than the allowed limits:

0 ≤ pPP(t) ≤ µPP(T0) ·PPP (12)

where PPP is the provided maximum nominal power of the
NGCC and µPP defines the fraction of power available depending
on the ambient temperature.

States and Constraints —The requested power output in
Eq. (11) is used in a dynamic equation describing the power level
of the PP, a state variable in the problem:

ṖPP(t) =
1
τPP

(
−PPP(t) + pPP(t)

)
(13)

where (τPP) is the ramp rate of the PP. The initial state of the PP
is:

PPP(t0) = PPP,0 (14)

We also include a constraint to ensure the effective power output
to be non-negative and less than the allowed limits:

0 ≤ PPP(t) ≤ µPP(T0) ·PPP (15)

During combined operation of the PP and TES, we would
like to limit charging and discharging of TES to only when the PP
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is operating, so we include the following inequality constraints:

pHS,in(t) ≤ PPP(t) pCS,in(t) ≤ PPP(t) (16a)
pHS,out(t) ≤ PPP(t) pCS,out(t) ≤ PPP(t) (16b)

so energy can only flow to or from any TES element if PPP > 0.

Intermediate Functions—From a combination of plant and
control variables, states, and problem parameters from the HS,
CS, and PP, the instantaneous fuel consumption of the PP is:

m f (t) = ρ f ·µ f (T0) ·PPP(t) +∆ρ f ·µ∆ f (T0) · pCS,out(t) (17)

where ρ f is the nominal conversion factor between power
output generated by the NGCC and fuel consumed, and ∆ρ f is
the same quantity but associated with discharging the CS. (µ f ,
µ∆ f ) are factors affecting these quantities depending on the am-
bient temperature. Equation (17) represents a fundamental in-
termediate function in the calculation of the expenses associated
with running the system in Eq. (28b).

2.3 Carbon Capture
The CC subsystem is implemented such that it is always operat-
ing when the PP is operating. Therefore, all its characteristics are
dependent on the signals described in the previous subsection.

One of the key aspects of the CC subsystem is the instanta-
neous CO2 capture rate, which is:

βC(t) = cn ·µc(T0) ·PPP(t)−∆cd ·µ∆c(T0) · pCS,out(t) (18)

where cn is the percentage of carbon captured from the flue gas
when the PP runs in the neutral state, and ∆cd is the decrease in
capture when the CS is being discharged. (µc, µ∆c) describe how
these nominal capture rates are affected by ambient temperature.
Here, we are assuming that total amount of CO2 generated by the
whole system is directly proportional to the fuel burned, m f from
Eq. (17), according to the conversion coefficient αC. It follows
that of the total CO2 generated, the portion captured and emitted
into the atmosphere are respectively:

mC,in(t) = m f (t) ·αC ·βC(t) (19a)

mC,out(t) = m f (t) ·αC ·
(
1−βC(t)

)
(19b)

As currently described, (mC,in, mC,out) are nonlinear terms in the
objective function. We have found that we can maintain the lin-
earity without virtually losing any accuracy in the solution by
approximating the expressions above using two known points of
operation: 1) the neutral phase of the PP, and 2) the discharging
phase of the CS. So we rewrite Eq. (19) as:

m̂C,in(t) = ρC,in(T0) ·PPP(t) +∆ρC,in(T0) · pCS,out(t) (20a)

m̂C,out(t) = ρC,out(T0) ·PPP(t) +∆ρC,out(T0) · pCS,out(t) (20b)

where (ρC,in, ρC,out) are the CO2 captured and emitted by the
whole system in neutral mode per unit power generated:

ρC,in = αC ·ρ f ·µ f (T0) · cn ·µc(T0) (21a)

ρC,out = αC ·ρ f ·µ f (T0) ·
(
1− cn ·µc(T0)

)
(21b)

and (∆ρCO2,in, ∆ρCO2,out) are the coefficients describing the linear
trajectory from the neutral phase to the maximum discharging of
the CS, per unit power generated from discharging the CS. There
are thermal and electrical power requirements, respectively PCCT
and PCCE, to run the CC unit, which depend on the technology
implemented, the PP power level, and the nominal capture per-
centage βC:

PCCT = PCCT(PPP,βC) PCCE = PCCE(PPP,βC) (22)

where PCCE is electrical power directly extracted from the PP
output, while PCCT is thermal power in the form of steam, which
is either also extracted from the PP or is provided by discharging
the HS. It follows that the power that must be extracted from the
PP is whatever fraction of PCCT that is not provided by the HS:

PPCT(t) = PCCT(PPP,βC)−ηHS · pHS,out(t) (23)

where ηHS accounts for any efficiency losses.

2.4 Electricity Generation
The electricity generated by the system is the primary source of
revenue driving the NPV objective. The corrected thermal power
outputted from the PP, here indicated as PTH, depends on the PP
level and on the discharging of the CS:

PTH(t) = PPP(t) +ηCS · pCS,out(t) (24)

where ηCS represents any efficiency losses from discharging the
CS. The gross electricity generated is then:

PPE(t) = ηGE ·
(
PTH(t)−PPCT(t)

)
(25)

where ηGE is the efficiency of conversion between thermal and
electrical power, and PPCT is the thermal power diverted to the
CC as in Eq. (23). From the gross electrical power generated by
the system, a fraction is diverted to the CC in Eq. (22); a fraction
might be sent to charge the TES units; finally, some power is
required to satisfy the system’s auxiliary loads PAUX, which can
depend on the state of the PP. Therefore, the net power outputted
to the grid is:

PG = PPE−PCCE− pHS,in− pCS,in−PAUX (26)

2.5 Techno-Economic Analysis
Revenue and Expenses—vrev is the revenue gained by out-
putting power to the grid PG calculated in Eq. (26) at the current
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electricity price celec:

vrev(t) = celec(t) ·PG(t) (27)

and vexp represents the expenses of the system, which are divided
in cost of fuel vfuel and other operation costs vop:

vexp(t) = vfuel(t) + vop(t) (28a)
vfuel(t) = cfuel(t) ·m f (t) (28b)
vop(t) = cCO2 · m̂C,out(t) +CVOM(t) +CFOM(t) (28c)

where (m f , m̂C,out) are the instantaneous fuel consumed and CO2
emitted into the atmosphere by the system, respectively, as de-
scribed in Eqs. (17) and (20b). Conversely, cfuel is the instan-
taneous fuel cost, while cCO2 is the selected carbon tax. CVOM
encompasses all the additional costs which depend on running
each of the subsystems:

CVOM(t) = cPP,VOM ·PPP(t) + cCC,VOM · m̂CO2,in(t) · · ·
+ cHS,VOM ·

(
pHS,in(t) + pHS,out(t)

)
· · ·

+ cCS,VOM ·
(
pCS,in(t) + pCS,out(t)

)
(29)

where the first term depends on the PP power level PPP; the
second term depends on the CO2 captured by the system from
Eq. (20a); the last two terms are associated with the power charg-
ing and discharged by both TES units. Finally, CFOM includes
the operation costs from each of the subsystems, independent of
their utilization:

CFOM(t) = cPP,FOM + cCC,FOM · · ·

+ cHS,FOM ·
(
PHS,in + PHS,out

)
· · ·

+ cCS,FOM ·
(
PCS,in + PCS,out

)
· · ·

+ cHS,TES,FOM ·ΣHS + cCS,TES,FOM ·ΣCS (30)

Capital Costs—The system’s capital costs Ccap are:

Ccap(p) = CPP +CCC +CHS(p) +CCS(p) (31)

where (CPP, CCC) are the fixed capital investment to realize the
PP and the CC subsystems, while (CHS, CCS) are the costs for
the TES units and depend on p:

CHS(p) = cHS,in ·PHS,in + cHS,out ·PHS,out + cHS,TES ·ΣHS (32a)
CCS(p) = cCS,in ·PCS,in + cCS,out ·PCS,out + cCS,TES ·ΣCS (32b)

where (cHS,in, cHS,out) represent the capital costs scaling with the
desired charging and discharging power capacity of the HS unit,
while cHS,TES is the cost of the HS medium. Conversely, (cCS,in,
cCS,out, cCS,TES) represent the similar costs for the CS. The fol-
lowing subsection analyzes more in depth the economic model
for calculating the net present value of the overall system, the
primary metric of interest.

Net Present Value Calculation—NPV was selected as main
economic indicator for the proposed system, because it repre-
sents the return on investment over its entire lifetime [31]. Other
indicators, such as levelized-cost of electricity (LCOE), are typi-
cally used for power generation systems, but due to the arbitrage
nature of the system being evaluated, they would not accurately
represent its benefit.

In simplified terms, NPV is the difference between the
present value of cash inflows and the present value of cash out-
flows during a period of time (typically the loan term Lt). To
convert future values into a present value, a discount factor DF
is used, which depends on the year evaluated y and the selected
rate of return IRR:

DF(y) =
1

(1 + IRR)y (33)

Assuming the capital investment to build the plant is made
before the start of the operation, an equation to calculate NPV is:

NPV = Vincome−Ccap (34)

The income generated from the system Vincome is the summation
of the profit made discounted over the system’s lifetime:

Vincome =

Lt∑
y=1

(
Vrev(y)−Vexp(y)

)
·DF(y) (35)

where (Vrev, Vexp) are respectively the revenue and expenses from
running the system, which are based on Eq. (27) and (28a) and
are obtained upon integration over a year of operation:

Vrev(y) =

∫ Tyear

0

[
vrev(t) ·

(
1 + ie

)y−1
]
dt (36a)

Vexp(y) =

∫ Tyear

0

[
vfuel(t) ·

(
1 + i f

)y−1
+ vop(t)

]
dt (36b)

To reduce the size of the problem, in this analysis we assume
the control strategy of the plant over its lifetime is identical to that
of the first year of operation (from t = 0 to Tyear). However, we
reflect the expected annual increase in electricity and fuel prices
with the factors (ie, id). We use Eq. (36) to rewrite Eq. (35) as:

Vincome =

∫ Tyear

0

Lt∑
y=1

 vrev(t)
−vfuel(t)
−vop(t)


T 

ry−1
e

ry−1
f

ry−1
d

dt (37)

where: re =
1 + ie

1 + IRR
rd =

1 + i f

1 + IRR
rd =

1
1 + IRR

The non-constant terms within the sum in Eq. (37) resemble a
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geometric series for which a closed-form solution exists [32]:

n∑
i=1

aqi−1 =
a(1−qn)

1−q
(38)

which allows us to rewrite the NPV of the system in closed form:

NPV = −Ccap +

∫ Tyear

0

 vrev(t)
−vfuel(t)
−vop(t)


T Re

R f
Rd

dt (39)

where: Re =
1− rLt

e

1− re
R f =

1− rLt
f

1− r f
Rd =

1− rLt
d

1− rd

2.6 Objective Function and Summary

We now provide a brief summary of the CCD problem described
in the previous sections. We start by reporting the six total plant
design optimization variables first presented in Eq. (1):

p =
[
ΣHS PHS,in PHS,out ΣCS PCS,in PCS,out

]T
(40)

Additionally, there are four control variables associated with
operating the TES units defined in Eq. (5), and one control vari-
able for the NGCC from Eq. (11). Therefore, there is a total of
five open-loop controls optimized in the problem:

u(t) =
[
pHS,in(t) pCS,in(t) pHS,out(t) pCS,out(t) pPP(t)

]T
(41)

Finally, there are three state variables:

ξ(t) =
[
EHS(t) ECS(t) PPP(t)

]T
(42)

which respectively describe the HS, CS, and PP levels, and
whose linear time-invariant (LTI) dynamic equations are shown
in Eqs. (8) and (13). Additionally, there a several inequality and
equality constraints (both path and boundary types), but all are
linear. Finally, the linear objective function of the problem is
to maximize NPV of the system in Eq. (39). The unconstrained
objective function is:

maximize
u,ξ,p

NPV(t,T0,u,ξ,p) (43)

Overall, the problem is a linear dynamic optimization prob-
lem; all constraints are linear and, due to the approximation de-
scribed in Sec. 2.3, the objective is linear as well. Such problems
can be efficiently solved using linear solvers [33]. So, much of
the complexity in solving this particular CCD problem comes
from the complexity of a variety of intermediate functions, com-
bined with a multitude of time-varying environmental inputs and
large timescales (and resulting large optimization problem) to
consider.

3 OPTIMIZATION STRATEGY CONSIDERATIONS

Here we discuss additional aspects surrounding the practical con-
struction and solving of the linear CCD optimization problem
from the previous section.

3.1 Approximations
One approximation was already discussed in Sec. 2.3 where a
quadratic expression was linearized to maintain a linear objec-
tive function. The maximum error in calculating the NPV found
by comparing the exact and linearization results over many real
scenarios was never found to be larger than 0.01%. While a
quadratic objective function would still result in a LQDO prob-
lem, it was determined that the relatively small error and effi-
ciency of the approximation was worth its implementation.

3.2 Problem Discretization
To solve the dynamic optimization posed in Sec. 2, direct tran-
scription (DT) is used [33–35]. In this case, the resulting
finite-dimensional optimization is a large, sparse linear program
and was constructed using the open-source MATLAB software
DTQP [36]. Then, MATLAB’s linprog solver using the interior-
point method [37] was found to be quite effective at solving the
resulting linear program.

The time mesh was selected to be at hourly intervals as it is
a reasonable assumption for the frequency at which control de-
cisions (e.g., power plant’s power level would be changed) are
made during realistic operation. The control decisions over these
hourly intervals were assumed to be constant. With constant con-
trols and linear dynamics, the zero-order hold (ZOH) method
was used to discretize the dynamic constraints since there would
be no discretization error [33]; a basic composite Euler forward
method was chosen for quadrature. The ZOH method is par-
ticularly efficient to implement if matrices are time invariant.
However, There are several locations in the formulation where
time (really temperature) dependence would be useful, such as
Eqs. (8) and (13).

This was particularly true for the state equations governing
the flow of energy to and from the TES units described in Eq. (8)
since it is desirable to allow the control variables (pHS,in, pCS,in,
pHS,out, pCS,out) to be temperature-dependent to limit the amount
of power flowing in or out of the TES units at certain tempera-
tures – see Sec. 4.2 for more details. While an intuitive way is di-
rectly expressing these values as time-varying, this would result
in a time-varying linear (LTV) system, slowing down the prob-
lem construction step. An alternative but equivalent formulation
was utilized by instead imposing time-dependent upper bounds
on the relevant controls. This is demonstrated in the following
notional example:

ξ̇ = a(t) ·u(t) and 0 ≤ u(t) ≤ 1 (LTV case) (44a)
ξ̇ = ū(t) and 0 ≤ ū(t) ≤ a(t) (LTI case) (44b)
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In this formulation, Eqs. (6) and (7) are the relevant con-
trol constraints while Eq. (8) are expressed without any direct
dependence on T0. When the upper bounds in Eqs. (6) and (7)
are active, it can easily be shown that Eq. (8) assume the desired
temperature-dependence.

3.3 Moving Prediction Horizons
As currently posed, the open-loop optimal control problem can
be solved for any desired time horizon. As discussed in Sec. 2.5,
the goal is to obtain results for one year of operation for use in
the NPV calculations. This can be accomplished with a single
optimization problem using an entire year’s worth of data.

However, despite this capability, solving a single horizon
problem is not a realistic scenario as key environmental signals
are not known with certainty so far into the future. In the real
markets, signals such as electricity and fuel prices and ambient
temperature are known to utility operators with reasonable accu-
racy only with limited foresight (e.g., 24 hours of future infor-
mation [38]). To reflect this imperfect knowledge, which is cru-
cial when determining the most profitable control strategy, the
problem is also posed in as a sequence of shorter moving “pre-
diction horizons” where information is known. Based on notions
of model predictive control (MPC), this approach entails lever-
aging the knowledge of the future signals, despite being limited,
to construct a tentative control strategy that is then updated when
new information about the signals is available [39]. There are ex-
amples in the literature where similar control strategies based on
limited future knowledge are applied to residential heating and
cooling systems coupled with storage [27, 28].

When the moving horizons approach is taken, a nested CCD
strategy formulation is used because separation is needed be-
tween the plant and control decisions [20, 40, 41]. As shown in
Fig. 2, the inner loop is formulated as a sequence of control sub-

Problem 1

Control Window
Prediction HorizonTime Step

Time

...

...

Problem 2

Problem 3

Problem 4

FIGURE 3: Moving prediction horizons and control window il-
lustration.

problems whose objective is to maximize the income generated
by the system in Eq. (35) with respect to the states and controls
(ξ,u) for fixed plant variables p†. The inner-loop solutions are
then used in the objective function of the outer loop, which at-
tempts to maximize NPV in Eq. (39).

Trade-offs in both control window and prediction horizon
lengths (see Fig. 3) are explored in Sec. 4.3. The prediction hori-
zon is the amount of time in the future information is known
and includes many operational decisions to be made (e.g., from
points t0 to t7 in the figure). The control window is the initial part
of the prediction horizon that is implemented. After solution in
the control window is implemented, the next optimization prob-
lem is solved starting where the previous control window ended.
Understanding these trade-offs will help lead to implementable
CCD-informed control solutions [42].

4 RESULTS AND DISCUSSION
The following section presents several sets of results generated
using the optimization model introduced in the previous sections
with the purpose of validating its implementation and demon-
strating some of its capabilities. Several TES technology config-
urations operating in different market scenarios and geographical
locations will be examined. A detailed thermodynamic analysis
has been conducted to generate the technical parameters identify-
ing each of the TES configurations listed in App. A.1, which have
then been modeled as integrated with the NGCC plant coupled
with a Cansolv CC system [13] presented in the National Energy
Technology Laboratory’s (NETL) 2019 report (B31B) [43]. Fur-
ther details into the derivations of these parameters are in other
publications [18, 19].

The electricity and fuel prices and corresponding CO2 tax
used for this work represent future grid scenarios and have been
generated by capacity expansion models built by Princeton Uni-
versity and NREL [44, 45]. Temperature data from six of the
more representative cities in the US was pulled from NREL’s Na-
tional Solar Radiation Database from 2018 [46]. Finally, the eco-
nomic and financial values assumed for the calculation of NPV
in these studies are reported in App. A.2.

When solving the problem using the simultaneous strategy
for an entire year, the setup and solving of the required linear
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(a) (b) (c)

(d) (e) (f)

FIGURE 4: Snippet of an entire year’s solution illustrating the control, states, and net power output.

(a) Fargo. (b) San Diego.

FIGURE 5: CS boosting operation for two different locations demonstrating temperature-dependent optimal operation.

program takes between 20 and 50 s1. Using the moving predic-
tion horizons approach for a fixed plant, prediction horizon of 24
hours, and control window of 12 hours, the computational cost is
around 13 s and varies slightly depending on the moving horizon
parameters. These computational times are reasonable for online
implementation at the time scales considered.

4.1 Control Strategy Results
The results presented in this section describe the workings of
the control optimization to maximize NPV. In Fig. 4, a snippet
of 33.5 hours of operation is shown from a year-long solution
(i.e., prices and other signals are known and the controls must be
determined simultaneously for an entire year) with hourly time
resolution. Figures 4a–4c show all 5 of the control variables (u
from Eq. (41)) governing the system, normalized with respect

1The computer architecture was a desktop workstation with an AMD 3970X
CPU at 3.7 GHz and 128 GB 3200 MHz RAM.

to their upper bounds (e.g., uHS,in = pHS,in/(µHS,in ·PHS,in)). Fig-
ures 4d–4e respectively show the HS and CS level, two state vari-
ables in the model (see Eq. (42)). Finally, Fig. 4f shows the net
power output to the grid, in which we can recognize several dis-
crete and typical operation modes.

In the first few hours, while the electricity prices are lowest,
both the HS and CS units are being charged as the normalized
control variables (uHS,in,uCS,in) are equal to unity in Figs. 4a–
4b, and the TES units levels (EHS,ECS) in Fig. 4d–4e increase.
The TES technology configuration chosen allows for charging
while the PP is offline, and that is why in this mode, the control
variable to the PP (uPP) is equal to zero in Fig. 4c and the net
power output in Fig. 4e is negative, meaning that electricity is
consumed from the grid rather than delivered. Successively, af-
ter one time-interval in which the entire system is offline, the PP
goes online in neutral mode for a few time-steps, which is rep-
resented by uPP = 1 and all other control variables equal to zero.
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Then, when electricity prices are higher, it becomes profitable to
access the system’s boosting mode, which consists in charging
and discharging the CS at the same time (i.e., uCS,in = uCS,out = 1
in Fig. 4b). Because the power increase from discharging the
CS is larger than the penalty for charging it, the boosting mode
results in a slight increase in the system’s net power output as
compared with the PP neutral mode. In principle, the model does
not prevent the HS from also operating in boosting mode, but be-
cause the HS generally requires more power to charge than it can
generate, the boosting mode is only effective with the CS.

In the region of the plots where the electricity prices are
highest, both TES units are depleted to output the maximum
amount of power to the grid. This is shown by the larger power
output in Fig. 4e, by the control variables (uHS,out,uCS,out) being
equal to unity in Figs. 4a–4b, and by the TES levels decreasing
in Figs. 4d–4e. Successively, as the electricity prices are still
high but the TES units are depleted, the system is again operated
in boosted mode before descending back to neutral and finally
beginning another charging cycle with the PP off.

4.2 Temperature-Dependence Results
We now look at validating temperature dependence within the
model and show the impact of location characteristics on the ex-
amined system. Temperature dependence was included in the
model to represent the systems more accurately in real-world
scenarios; it is known that power generation systems like NGCC
power plants are susceptible to ambient conditions [47]. In ad-
dition, the operation of the TES units is also impacted by tem-
perature. In particular, concerns regarding the effectiveness of
CS operating at temperatures below a certain design point can be
investigated using this model.

Cold Storage Operation Validation—A concern regarding
the CS operation at temperatures below its design point is in the
potential for ice formation in the ducting and physical damage
to the unit. As a safe assumption to avoid these issues (and as a
more accurate assessment of the technology in colder climates),
CS utilization is limited to temperatures above 0◦C, with par-
tial restrictions from 0◦C to the system’s design point (15◦C).
Figure 5 validates the implementation of this assumption in the
model; it shows the signal to use the CS boosting mode in two
very different US geographical locations (Fargo and San Diego),
during a year-long operation period. The market signals provided
to generate these sets of results are identical, as well as the plant
design; only the temperature signals identifying each of the US
locations are different. With these assumptions, it is shown that a
system deployed in Fargo, which is described by large seasonal
temperature fluctuations and remarkably cold winters, will only
be able to access the CS full capabilities during the warmer sum-
mer months. On the other hand, in a location like San Diego,
the CS can be virtually used all year round because of its milder
climate and higher temperatures.

FIGURE 6: Comparing optimal net present value results for sev-
eral locations and correlating them with their mean temperatures.

System Performance Validation—The entire system is ex-
pected to be affected by ambient temperature, not just the CS.
In particular, the efficiency of the PP and the HS are expected
to significantly decrease as temperature increases and this char-
acteristic has been integrated within the model. Figure 6 shows
the impact of temperature on the NPV of both a PP with CC and
TES, as well as a base plant which is equipped with CC but no
TES (denoted B31B). For this study, the techno-economic input
signals are kept the same, while recorded time-varying tempera-
ture signals are selected to represent the US cities shown.

For these results, CCD optimization was conducted to make
a fair assessment of these systems’ optimal design decisions and
performance depending on their location. As shown in Fig. 6,
while NPV’s for both B31B and the TES configuration notice-
ably decrease in warmer climates, the difference between the PP
equipped with TES and the base plant tends to increase with av-
erage temperature. This trend is generally observed in Fig. 6,
although since the model evaluates the effects of temperature at
each time step, it is the entire temperature distribution affecting
the performance of the system rather than just the mean value.
For example, the system might perform better in Fargo than in
Salt Lake City, despite the higher average annual temperature in
the latter location.

4.3 Moving Prediction Horizons Strategy Results
Introduced in Sec. 3, a moving prediction horizons (MPH) is
a pragmatic approach to the control of the system discussed
in this article involving limited future foresight of the techno-
economic signals upon which the optimal control strategy de-
pends. Nonetheless, we will show that under realistic circum-
stances, the MPH approach ensures an economic performance
extremely close to the results with perfect foresight and could
be a suitable candidate for online control operation of an NGCC

9 Copyright © 2022 by ASME



Past
Problem 3 Problem 4 Problem 5 Problem 6

Control
Window

Discarded
Portion

Prediction
Horizon

Time (hrs) Time (hrs) Time (hrs)Time (hrs)

Time (hrs)

Problem 3 Problem 4 Problem 5 Problem 6Problem 2Problem 1

Next Next Next

FIGURE 7: Illustration of the moving prediction horizon approach with a prediction window of 6 hours and control window of 3 hours.

FIGURE 8: Net present value results for various prediction hori-
zon and control window lengths in the moving prediction horizon
approach compared to the maximum NPV for this scenario.

plant with CC and TES.
First, to better illustrate an MPH solution, Fig. 7 shows the

net power output of the system for a few time intervals. The
top row shows four successive intervals, each with its own con-
trol trajectory. The optimal strategy is computed for a total of
6 hours in advance (prediction horizon) but is updated every 3
hours (control window) because it is assumed that new infor-
mation about the market is provided. On the bottom, the four
intervals plotted above are shown as they compose the complete
control strategy.

In Fig. 8, we can conclude that for certain values of the pre-
diction horizon and control window, an MPH is an effective strat-

egy for this system. Several different control window lengths
were examined, and we observe NPV convergence towards the
best possible value (simultaneous optimization of the entire year,
i.e., prediction horizon is 8760 hours) in all cases. Marked with
‘1’ in the figure, assuming accurate estimates of the electricity
prices are available 24 hours in advance (which is usually true in
most markets), we can observe solutions with control windows
between 1–12 hours are close to the maximum NPV line. Even
if signals are available only half a day in advance (i.e., 12-hr
prediction horizon, marked with ‘2’ in the figure), any strategy
with a smaller control window still performs well. The success
of the MPH approach can at least partially be explained by the
general daily periodic nature of electricity prices, as well as by
the TES capacities usually encountered by these systems being
rarely above 10 hours. Due to these two factors, not much prior
knowledge of future signals is required to operate this system
effectively.

4.4 TES Technology Comparison Results
One of the more valuable features of the optimization model de-
scribed in this paper is its versatility assessing a wide range of
different PP, CC, HS, and CS technologies without much addi-
tional work. Here, we demonstrate this versatility with the as-
sessment of two TES technology configurations compared with
NETL’s NGCC plant with CC (B31B). These configurations are
examined using four future market scenarios provided by the
Princeton capacity expansion model [44].

The TES configurations examined are based on different
thermodynamic principles, which result in some different oper-
ational constraints. The ‘IPTE’ configuration is constructed by
integrating B31B with an HS unit which is charged by directly
pulling steam from the PP. This configuration requires the PP
to be online to operate in this mode. Conversely, the ‘ER’ con-
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(a) (b) (c) (d)

FIGURE 9: Comparing three different system configurations under several market scenarios including (a) net present value; (b) optimal
storage capacities ΣHS and ΣCS; (c) optimal TES charging power penalties PHS,in and PHS,in; and (d) equivalent optimal thermal energy
transfer to the TES units.

figuration uses resistive heating and electricity either from the
grid or subtracted from the NGCC gross output to charge its HS.
For this reason, while the ER HS unit inflicts a more significant
power penalty for charging (89% more than IPTE), it has the ad-
vantage of being able to charge while the PP is offline and to
be significantly cheaper in terms of HS medium cost (by 78%).
Conversely, the CS is similar for both TES configurations: it is
based on an ammonia vapor compression cycle powered through
electricity, and it can therefore also be charged independently of
the PP. These extra operational degrees of freedom are imple-
mented in the model by removing the inequality constraints in
Eq. (16a). Again, see App. A.1 for the parameters defining each
configuration. For additional details on the specific technologies
and their modeling, see Refs. [18, 19].

Figure 9a compares the optimal NPV of the technologies
across the market scenarios. Although we notice a relatively
wide range of results, ER appears to be consistently the most
profitable configuration analyzed, which can be explained by
both its relatively low capital investment and the optimal plant
sizing decisions shown in Figs. 9b and 9c. The storage capac-
ity values in Fig. 9b are represented in units of time, after being
normalized with respect to the power required to run the HS and
CS.

We first notice how the HS design decisions are significantly
different between the IPTE and ER configurations and generally
point towards a much larger optimal storage capacity and net
charging power penalty for the HS (PHS,in) for the latter. This ob-
servation can be explained by: 1) the lower cost for the ER’s HS
medium, and 2) its ability to charge independently of the plant
coupled with the nature of future electricity prices. The latter
reason is particularly insightful in the context of future electric-
ity markets with high renewable penetration: the higher penalty
associated with charging the ER becomes irrelevant when the
electricity prices are close to zero due to renewable’s overgener-

ation [19]. Under these conditions, the overgenerated electricity
can be stored directly from the grid within a large HS and at a
high rate (demonstrated by large optimal HS normalized charg-
ing energy rate in Fig. 9d to then take advantage of when the
renewables are offline, and the prices are peaking. For CS, the
results for the two different configurations do not vary much as
the CS unit is similar in both. A set of plant optimization vari-
ables is not shown in Fig. 9, namely the maximum energy trans-
fer rates out of the TES units PHS,out and PCS,out: under the cur-
rent assumptions, their optimal value was always the maximum
allowed.

Many other configurations and market scenarios were ex-
plored using this CCD optimization model in Refs. [18, 19].

5 CONCLUSION

In this work, an optimization model was constructed to help ad-
dress important design and operation questions for a novel sys-
tem combining natural gas power plants with carbon capture and
thermal energy storage. The need for integrated design, control
co-design in particular, is demonstrated for the considered sys-
tem.

The thermal energy storage elements and power plant re-
quire a dynamical approach and how they are exercised is a crit-
ical decision that affects profitability and overall technology as-
sessment. The proposed open-loop optimal control problem for
this system is efficiently solved as a large-sparse linear program
for an entire year at once or utilizes a more realistic, information-
limited moving prediction horizons approach to investigate im-
plementable operation. Optimal control of the system is gen-
erally not enough to realize its full economic potential due to
several critical plant decisions, including storage capacities and
maximum energy transfer rates. Often driven by trade-offs in
their capital cost versus the additional profit attained, the optimal
plant sizing decisions change depending on the configuration and
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environmental signals such as (both current and future) electric-
ity prices and location temperature.

Future work will explore how to better characterize uncer-
tainties in the economic and environmental signals and include
them as part of an implementable control strategy using mov-
ing prediction horizons. Additionally, data generated from these
studies will be analyzed to better understand optimal operation,
potentially leading to feedback control solutions. Overall, sys-
tematic and effective optimization-based decision support is nec-
essary to make a fair assessment of this technology, especially
considering the magnitude of the economics.
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A CASE STUDY PARAMETERS

A.1 Technology Parameters
The parameters describing the technologies examined in the case
studies presented in Sec. 4 are shown in Table 1. The parameters
reported reference the nomenclature of the optimization model
in Sec. 2 and are evaluated at 15◦C.

TABLE 1: Techno-economic parameters for the technology con-
figurations examined in the case studies.

Parameter Units B31B ER IPTE
ρ f kg NG/s/MW 0.04082 0.04082 0.04082
cn 0.9 0.9 0.9
κHS,in hr TES/MW 0 0.005949 0.01126
κCS,in hr TES/MW 0 0.1609 0.1609
κHS,out hr TES/MW 0 0.02211 0.02028
κCS,out hr TES/MW 0 0.01986 0.02075
∆ρ f kg/s/MW 0 0.03783 0.03951
∆cd 0 0.06163 0.06163
∆ρCO2,in kg CO2/MW 0 -0.00025 -0.00026
∆ρCO2,out ton CO2/MW 0 0.0067 0.0070
PCCT ,PCCE MW 0 0 0
αC ton CO2/kg NG 0.0029 0.0029 0.0029
η? 1 1 1
cPP,VOM $/MWh 1.705 1.705 1.705
cCC,VOM $/ton CO2 7.2 7.2 7.2
c†TES,VOM $/MWh 0 0.75 0.75
cPP,FOM M$/year 12.9773 12.9773 12.9773
cCC,FOM M$/year 14.5360 14.5360 14.5360
cHS,in,FOM k$/MW/year 0 2.5881 2.5881
cCS,in,FOM k$/MW/year 0 15.0721 0 15.0721
cHS,out,FOM k$/MW/year 0 4.12186 4.12186
cCS,out,FOM k$/MW/year 0 0.79725 0.79725
cHS,TES,FOM k$/hr of TES/year 0 41.9579 190.2704
cCS,TES,FOM k$/hr of TES/year 0 45.5942 56.9928
CPP M$ 537.7230 537.7230 537.7230
CCC M$ 743.6010 743.6010 743.6010
cHS,in k$/MW 0 64.7012 39.3198
cCS,in k$/MW 0 376.8015 376.8018
cHS,out k$/MW 0 103.0466 30.3505
cCS,out k$/MW 0 19.9311 20.8169
cHS,TES M$/hr of TES 0 1.048947 4.756760
cCS,TES M$/hr of TES 0 1.139856 1.424820
PPP MW 634.741 634.741 634.741
PHS,in MW 0 840.515 443.9915
PCS,in MW 0 31.06755 31.06755
PHS,out MW 0 45.2353 49.303
PCS,out MW 0 50.3432 48.2011

?η is for (ηGE, ηHS, ηCS)
†cTES,VOM is for (cHS,VOM, cCS,VOM)
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A.2 NPV Economic Assumptions
Standard economic and financial assumptions used to generate
the NPV results are presented in Table 2 [48, 49]. All dollar val-
ues were adjusted to December 2018 dollars based on historical
inflation rates as calculated by the Bureau of Labor Statistics us-
ing the Consumer Price Index [50].

TABLE 2: Economic assumptions for the calculation of net
present value in the case studies.

Parameter Units Value
Lt [48] years 30
IRR [48] 10%
ie [49] %/year 3.5%
i f [49] %/year 2.2%
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