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Abstract
This contribution presents an integer-linear model of a post-combustion carbon capture
plant featuring discrete sizing, part load operation and dynamic behavior. In particular,
the model covers a design space from 200 tCO2/h (size of Petra Nova) down to 7.5 tCO2/h,
a part load operation range from 50% to 100%, and a CO2 concentration range from
7.5% to 12%. Starting with detailed, partly rate-based, models in Aspen Plus and
deriving linear performance planes thereof allows to bring process model information
into a linear system modeling domain for a reasonable range of design specifications.
By applying this model to a low-emission energy system design optimization, its
practicability and added value could be demonstrated. The simulations show that
especially for systems with high non-dispatchable energy generation, the information
about the carbon capture plant's dynamic behavior is essential. To fit the scope of this
paper, the mathematical formulation of the model is reported in a condensed manner.
However, all information required to formulate the model is provided.
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1. Introduction
The importance of carbon capture and storage (CCS) for decarbonizing our society is
widely recognized in the scientific community and among policy makers. Although the
topic of CCS experienced extensive research in the last decades, its role in integrated,
low-emission energy systems has started to be addressed only recently. A reason for this
is the high level of complexity of detailed energy system models, which further
increases by applying detailed CCS models. Nevertheless, with the shift of conventional
electricity generators like gas turbines from baseload operation to backup operation for
non-dispatchable renewable energy sources, the ability of integrating CCS into energy
system modeling is crucial. We aim at filling this gap by developing a linear
post-combustion capture model which is compliant with the multi-energy system (MES)
modeling framework developed in earlier works (Gabrielli et al., 2018a, 2018b). The
model is based on simulations of a monoethanolamine (MEA) carbon capture process in
Aspen Plus and features discrete sizing, part load operation and dynamic behavior. To
showcase the model, we apply it to design a low-emission energy system which supplies
the electricity demand of the Dutch province of Zeeland. In a multi-objective
optimization for total system cost and annual CO2 emissions, the trade-offs between
renewable energy technologies (solar and wind energy) and conventional ones (gas
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turbine) with CCS are investigated. Section 2 will describe the model and its
verification, Section 3 shows the results of the model's application to the energy system
design, and Section 4 will conclude this contribution.

2. Modeling
2.1. Process model
The model in Aspen Plus is a complete description of the MEA-based carbon capture
process including absorber, stripper, heat exchangers, pumps, and a compressor for the
lean vapor compression. Note, however, that compression of the CO2 stream for any
downstream activities like storage is not included. A water wash section to recover
liquid from the CO2 product stream was omitted to limit the number recycles. The
equilibrium based process model was refined with a rate-based absorber model
according to Amirkhosrow et al. (2020). To couple the two domains, the Murphree
efficiencies obtained from the standalone rate-based absorber model were applied to the
equilibrium absorber column. To account for the change of the Murphree efficiencies
with changes in operating conditions, the equation reported by Zhang et al. (2016),
describing the effect of flue gas flow rate, CO2 concentration and solvent flow rate, was
used. Since the solvent-to-flue gas ratio is fixed in this work, the original equation was
adapted accordingly. Key constraints of the process are a capture rate of 90% and a CO2
-purity of at least 95%.

2.2. Linear performance planes
The linear model is supposed to describe the electricity and heat demands as a function
of flue gas flow rate and CO2 concentration. The flue gas flow rate is treated as part load
operation for a plant of fixed size. To simplify the model, three discrete sizes are
considered, i.e. design point flue gas flow rates of 15 kg/s, 80 kg/s, and 350 kg/s. For
each of those design sizes, the flue gas flow rate was varied between 50% and 100% of
the design flow rate (part load), and the CO2 concentration was varied between 7.5%
and 12%. Starting with a minimum number of 12 data points, enough simulations were
conducted to achieve an R2 value of 95% for the linear performance plane described as
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where is the energy consumed, is the mass of CO2 captured, and is the cost;𝑄 𝑀𝐶𝑂2 𝐶
and are the cost coefficients for investment cost and operation and maintenance𝑘𝑐 𝑘𝑚

costs, respectively; and are booleans for operation and installation, respectively;𝑢 𝑥 𝑖
and indicate the discrete plant size and time instance, respectively. Furthermore, the𝑡
model is subject to the following constraints: non-negativity for all variables; only one
plant size can be installed and operated; upper and lower limit for flue gas flow rate
according to plant size and operation state (flow rate is zero when plant is not
operating); upper and lower limit for flue gas CO2 concentration. The dynamic behavior
is constrained as described in the following section.

Table 1: Overview of fitting parameters for linear performance planes

Design Flue Gas
Flow Rate

Electricity Heat
α β γ α β γ

kg/s kg/s wt-% - kg/s wt-% -
15 0.004 0.05 -155.20 0.60 40.9 -7.07
80 0.004 0.30 -0.05 0.68 239.2 -44.0
350 0.004 1.39 -0.22 0.58 897.8 -150

2.3. Dynamic behavior
The dynamic response to changes in the flue gas flow rate was assessed using literature
values. The dynamics for changes in CO2 concentration were neglected since this value
is not expected to fluctuate significantly. To model dynamic behavior in linear models,
three key parameters are required, namely the time until equilibration, the maximum
rate of change, and the time constant. The latter is obtained by fitting a first-order
dynamic function such that its integral fits the integral of the real dynamic data. For
more details about this approach, the reader is referred to Gabrielli et al. (2018b).

Figure 1: Original response curve and first-order approximation for the reboiler heat duty

321



L. Weimann et al.

For ramping behavior, the time until equilibration was found to be 3 h and the
maximum rate of change is 20% (Bui et al., 2020; Luyben, 2013). Using the dynamic
data reported in (Luyben, 2013) to derive the time constant showed that over the course
of the re-equilibration process (3 h) the delayed response is compensated by a
subsequent overshoot. This leads to an almost stepwise ramping behavior for the
first-order dynamics. Figure 1 shows this on the example of the reboiler duty, but
similar outcomes were obtained for all data of interest. Hence, the time constant was
neglected and the dynamic behavior described as an instant increase in the response
variable to a change of maximum 20% of flue gas flow rate, followed by 3 hours of
steady-state operation, i.e. no additional change in flue gas flow rate can occur in this
time period.

Figure 2: Comparison of real data from the Petra Nova plant with the model performance.

2.4. Model validation
The model was validated using the publicly available operation data of Petra Nova over
a 72 h time period (Mitsubishi Heavy Industries, 2017). Assuming a constant CO2
concentration, the flue gas flow rate was calculated from the published data on captured
CO2 and capture rate. Figure 2 shows the result of feeding the model with the derived
flue gas data and maximizing the CO2 captured. The dynamic limitation of the model is
clearly visible, and the total CO2 captured in the analyzed 72 h period only deviates 2%
from the real data. A major contributor to this deviation is that the real capture rate is
not exactly at 90% but slightly decreases from 93.6% to 87.6%.

3. Application
3.1. System description
To showcase the model developed in this work, an energy system consisting of
photovoltaic panels, wind turbines, batteries, a single-cycle natural gas turbine, and the
post-combustion capture unit was designed to satisfy the electricity demand of the
Dutch province of Zeeland (3.24 TWh/y). The multi-objective optimization for total
system cost and CO2 emission was carried out based on hourly resolved weather and
demand data from the year 2019. The natural gas price is assumed constant at 30
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EUR/MWh (average 2008-2019) (Statista, 2020) and a CO2 tax of 25 EUR/t, inspired
by current European Emission Allowance prices, was applied.

3.2. Post combustion capture in low emission energy systems
To investigate the effect of carbon capture on the energy system, a set of Pareto-optimal
designs was generated for the same system with and without the option for carbon
capture. The resulting Pareto-fronts can be seen in Figure 3. Due to large uncertainties
in the cost estimates, the findings for cost should be used for comparative rather than
absolute interpretation. Furthermore, the cost of carbon sequestration or utilization is
not included. It can be observed that the addition of PCC to the system improves the
Pareto front. This results from the fact that the gas turbine with PCC replaces most of
the wind turbine and PV installations for a wide range of designs. Only for deep
decarbonization (below 0.1 tCO2/MWh) renewable energy sources are used at significant
extent. This can be explained by the carbon capture rate, which limits the
decarbonization to 90% if all electricity was to be supplied by gas turbines. Hence, the
capacity of installed gas turbines below this emission limit decreases until it reaches
zero for a carbon-free design. Once passing the threshold of 0.1 tCO2/MWh, the
operation mode of the gas turbine switches from baseload to backup for renewables
abruptly. Figure 4 shows the operation of the gas turbine (using CO2 produced as a
proxy) and the PCC units for the design allowing for 100 ktCO2/y, zoomed in on a 72 h
time period. The flexible operation of the gas turbine is obvious. However, less obvious
but more important, the operation is constrained by the dynamics of the PCC unit which
shows in the periods of steady state operation which never violate the 3-hour constraint.
While the dynamics of the gas turbine and the PCC unit are not strictly coupled, the
limit on CO2 emissions does not allow the gas turbine to operate out of sync with the
PCC unit.

Figure 3: Pareto front for the energy system design for the province of Zeeland.
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4. Conclusion
In this contribution, we derived linear performance planes to describe the electricity and
heat demands as (a) a continuous function of flue gas flow rate and CO2 concentration
and (b) a discrete function of size. These performance planes are valid for a parameter
range wide enough to cover most fossil energy conversion technologies found a
practice. Together with the information provided on the dynamic behavior, a complete
MILP can be formulated. The application of the derived model to a simple case study
showed the importance of having such a model available for the design of low-emission
energy systems. In particular, the dynamic behavior was found to play a significant role
for deep decarbonization. The key novelty of this work is the achieved flexibility in the
design of energy systems with CCS. Thus far, CCS has been applied in these kinds of
optimizations in a coupled, non-flexible manner, e.g. a coal-fired power plant with 90%
of its CO2 captured. The model presented herein decouples those units and allows the
optimization algorithm rather than the user/operator to decide whether CCS should be
used at all, to which extent it should be used, and, if properly implemented, with which
technologies it should be combined. Furthermore, the link from system level to process
simulation level has proven significant added value.

Figure 4: Operation of the gas turbine and PCC units for the design allowing for 0.03
tCO2/MWh, zoomed in on a 72-h time period. The dashed-blue line shows the CO2 produced
from the gas turbine and therefore represents the gas turbine operation
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