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ABSTRACT 
Some of the most highly trusted and ubiquitous process simulators have solution methods that 
are incompatible with algorithms designed for equation-oriented optimization. The natively uncon-
strained Efficient Global Optimization (EGO) algorithm approximates a black-box simulation with 
kriging surrogate models to convert the simulation results into a reduced-order model more suit-
able for optimization. This work evaluates several established constraint-handling approaches for 
EGO to compare their accuracy, computational efficiency, and reliability using an example simula-
tion of an amine post-combustion carbon capture process. While each approach returned a feasi-
ble operating point in the number of iterations provided, none of them effectively converged to a 
solution, exploring the search space without effectively exploiting promising regions. Using the 
product of expected improvement and probability of feasibility as next point selection criteria re-
sulted in the best solution value and reliability. Constraining probability of feasibility while solving 
for the next sample point was the least likely to solve, but the solutions found were most likely to 
be feasible operating points. 

Keywords: Derivative Free Optimization, Surrogate Modeling, Process Simulation, Global optimization, Carbon 
Capture. 

INTRODUCTION 
Process simulators are trusted sources of property 

prediction and process design calculations [1]. Some pro-
cess simulations have characteristics that challenge 
most optimization algorithms. Black-box simulators have 
no exploitable functional form, computationally expen-
sive executions, and approximate derivatives. Coupled 
with highly constrained optimization formulations, these 
characteristics make most algorithms inefficient when 
applied to process simulations.  

Many different optimization techniques have been 
applied to process simulators. Gradient-based optimizers 
have been applied using finite difference approximation 
for derivatives. Derivative-free optimization techniques 
can be applied, but many rely prohibitively large numbers 
of objective function evaluations without extensive par-
allelization [2]. One approach to mitigate the challenges 
of expensive black-box optimization is to approximate 

the objective and constraint functions with surrogate 
models. In theory, these types of optimization algorithms 
should improve in accuracy each time the objective and 
constraint functions are sampled, learning characteristics 
of the problem each iteration [3]. 

Several types of surrogate models have been used 
to approximate process simulators. Automatic surrogate 
model generation has been achieved through several 
routes. ALAMO uses subset selection for constrained re-
gression to generate algebraic models suitable for opti-
mization [4–6]. Others have used parametric [7] and non-
parametric regression methods like neural networks [8], 
radial basis functions [9], and kriging models [10–12] to 
approximate process simulations. 

The Efficient Global Optimization (EGO) algorithm 
[13] is a prevalent example of surrogate-based optimiza-
tion. EGO uses a kriging surrogate model in an inner loop 
optimization to pick the next point to sample. While it has 
been extensively used in aerospace engineering design 
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optimization, EGO has rarely been applied to process en-
gineering systems.  

Contemporary research studies probability of feasi-
bility, mean kriging predictions, and lower confidence 
bounds to constrain EGO’s inner loop [14, 15]. This work 
applies EGO with selected constraint approaches to a 
post-combustion carbon capture process modeled in 
ProMax®. The objective is to minimize process energy in-
tensity subject to process and reliability constraints.  

The results compare the merits of each constraint 
approach according to constraint faithfulness, final ob-
jective value, and solution reliability. Conclusions are 
drawn to recommend which methods are most effective 
for the post-combustion carbon capture process. 

CONSTRAINED EGO OVERVIEW 
EGO was first published by Jones, Schonlau, and 

Welch in 1998 [13]. They developed the algorithm to 
globally optimize expensive objective functions. The 
overall structure of the algorithm is as follows. Let 𝐹𝐹(𝑥𝑥) 
be function of independent variables 𝑥𝑥 to be minimized 
that returns a value 𝑦𝑦. 𝐹𝐹(𝑥𝑥) can be sampled at different 
points 𝑋𝑋 = {𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛} yielding 𝑌𝑌 = {𝑦𝑦1,𝑦𝑦2, … ,𝑦𝑦𝑛𝑛}. This in-
itial dataset is selected using methods called design of 
experiments to fill the search space. 𝑋𝑋 and 𝑌𝑌 are used to 
generate a kriging model 𝑓𝑓 with mean and variance func-
tions. Equation 1 shows the structure of the kriging model 
used in this work where 𝛽𝛽𝑖𝑖 and 𝜃𝜃𝑙𝑙 are sets of hyperparam-
eters tuned during the model building process. 

𝜇̂𝜇(x) = ∑ 𝛽𝛽𝑖𝑖𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖 +  ∏ exp (−𝜃𝜃𝑙𝑙𝑛𝑛

𝑙𝑙=1 |𝑥𝑥𝑙𝑙
(𝑖𝑖) − 𝑥𝑥𝑙𝑙

(𝑗𝑗)|) (1) 

EGO uses this predicted mean and a predicted vari-
ance within selection criteria to determine the next best 
point to evaluate using the actual objective function. EGO 
has traditionally maximized a property called expected 
improvement 𝐸𝐸𝐸𝐸 to select the next point to evaluate. The 
expected improvement function is written in equation 2, 
where σ(x) is the prediction standard deviation, and Φ 
and 𝜙𝜙 are the cumulative and probability density func-
tions, respectively. 

𝐸𝐸𝐸𝐸(𝑥𝑥) = �𝑓𝑓min −  𝜇̂𝜇(x)� Φ(𝑎𝑎(x)) +  σ(x)𝜙𝜙(𝑎𝑎(x)) (2) 

𝑎𝑎(𝑥𝑥) = 𝑓𝑓min− 𝜇𝜇�(x)
σ(x)      

Once EGO determines the point that maximizes the 
expected improvement function, it samples the objective 
function with the point. The new sampled point is then 
added to the end of the dataset. As shown in Figure 1, the 
next iteration then begins by refitting the kriging model 
with the new dataset.  

Start

Design of Experiments

Sample Dataset

Build Surrogate Models

Max Acquisition Function Subject to Constraint 
Functions

Termination Criteria Met?

End

Sample Evaluation

 
Figure 1. General EGO Algorithm Flowchart 

Several constraint-handling methods have been de-
veloped for EGO. Modifying the next point selection cri-
teria, the three approaches tested in this work rely on dif-
ferent properties of kriging models to enforce constraint 
boundaries. Two of these methods rely on a calculated 
probability of feasibility and were proposed by Sohst et 
al [14], who found that each method had its merits solving 
both mathematical test problems and aerodynamic 
shape optimization. Probability of feasibility can be con-
ceptually understood as the probability that each con-
straint will be satisfied for a point based on the uncer-
tainty in the kriging model for each constraint function. 
The formulation is shown in equation 3 where the con-
straint function is written in the form 𝑔𝑔(𝑥𝑥) ≤ 0. Overall 
probability of feasibility is just the product of each indi-
vidual constraint’s probability of feasibility. 

𝑃𝑃𝑃𝑃(𝑥𝑥) =  Φ�−𝑔𝑔�(𝑥𝑥)
σ(x)�    (3) 

Probability of feasibility can be used in a few differ-
ent ways to augment expected improvement within 
EGO’s next point selection criteria. In one method, the 
product of expected improvement and probability of fea-
sibility is maximized to select the next sample point. This 
method will be referred to as OFPF (Objective Function x 
Probability of Feasibility) in this work and is shown in 
equation 4.  

max𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂(𝑥𝑥)    (4) 
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𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂(𝑥𝑥) =  𝐸𝐸𝐸𝐸(𝑥𝑥) ∙ 𝑃𝑃𝑃𝑃(𝑥𝑥)    

Another method tested in this work applies a prob-
ability of feasibility constraint to the maximization of ex-
pected in the next point selection suboptimization prob-
lem. This method will be referred to as PFCON (Probabil-
ity of Feasibility Constraint). 

max𝐸𝐸𝐸𝐸(𝑥𝑥)     (5) 

s. t.  𝑃𝑃𝑃𝑃(𝑥𝑥) ≥ 0.5     

Constraints can also be enforced using a concept 
called the upper trust bound (UTB) of the kriging value. 
Given a desired confidence interval, the kriging model 
can calculate an upper bound on the constraint value by 
adding a factor of uncertainty. This constraint on the next 
point selection criteria is shown in equation 7 below 
where the constraint must be satisfied within three 
standard deviations of the kriging mean.  

max𝐸𝐸𝐸𝐸(𝑥𝑥)     (6) 

s. t.  𝑔𝑔�(𝑥𝑥) ≤ 3σ(x)     

If EGO selects a point where the objective function 
or constraint functions are undefined, a sufficiently 
suboptimal point approximating an infinite objective 
value can be used [16]. This approach should sufficiently 
penalize points in regions of the search space that cannot 
be evaluated. 

CARBON CAPTURE PROCESS MODEL 
Gas processors have used amines to recover CO2 

and H2S from natural gas for nearly a century. After cool-
ing the flue gas with a quench tower, the process of post-

combustion carbon capture with amines contacts an 
aqueous amine solvent with a CO2-rich stream to chemi-
cally absorb CO2 with the amine. The CO2-rich amine is 
then heated in a still to regenerate the amine. Figure 2 
provides a process flow diagram of the example unit used 
in the case study. 

The main difference between post-combustion car-
bon capture and natural gas treating lies in the partial 
pressure of CO2 in the feed gas. The concentration of CO2 
in the flue gas from a natural gas power plant is about 4 
mol%. While this is easily within the range of concentra-
tions found in natural gas, the pressure of the flue gas is 
near atmospheric pressure. The partial pressure of CO2 in 
the flue gas will be 10-100 times less than in typical nat-
ural gas amine sweetening units, leading to the differ-
ences in the design of the two processes. 
 Flue gas carbon capture units are marked by larger 
absorber columns, due to the large volume of gas, with 
extensive water wash sections to reduce amine losses to 
the atmosphere. The amine solvent lost is not only ex-
pensive but also an air pollutant. Some designs also em-
ploy a side cooler, a feature not usually afforded for nat-
ural gas treating. Cooling the amine in the absorber re-
moves heat of reaction and shifts equilibrium towards ab-
sorption in the liquid. 
 The example facility in this case study has a 30 ft 
diameter absorber packed with 60 ft of Sulzer IMTP #50 
Metal random packing solved with ProMax’s Mass + Heat 
Transfer calculation method. The regenerator is a 9 ft di-
ameter column modeled with 10 ideal stages of separa-
tion. The amine circulated is the CESAR-1 blend of 27 wt% 
amino methyl propanol (AMP) and 13 wt% piperazine. 

 

Figure 2: Post-combustion carbon capture process model with compression. 
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Table 1: Inlet flue gas properties and composition 

Feed Property  
Temperature  °F 
Pressure  psig 
Standard Vapor Volumetric Flow  MMSCFD 
Feed Composition mol % 
Carbon Dioxide  
Nitrogen  
Oxygen  
Water  

 
 Operators control the plant by manipulating the 
amine circulation rate, water wash rate, and reboiler duty. 
Operators are economically incentivized to minimize en-
ergy use while achieving a CO2 recovery greater than 
90% and amine losses below a permitted threshold. Util-
ities are integrated with the power generation facility. 
The amine reboiler can be powered by a slipstream of 
low-pressure steam from the heat recovery network of 
the powerplant. When integrated into the low-pressure 
steam circuit, the steam dedicated to the reboiler single-
handedly reduces net power generation from 100 MW to 
87 MW for the base-case simulation. Pumps and com-
pressors can be powered by electricity generated on-
site. 

Table 2: Base carbon capture model power use summary. 

Unit Operation Power 
Gas turbine  MW 
Steam turbines (no CC)  MW 
Total power production  MW 
Reboiler steam power reduction - MW 
Flue gas blower - MW 
Amine and process water pumps  - MW 
CO Compression Power  - MW 
Cooling water pumps - MW 
Total power usage  - MW 
Net power production  MW 

 
 The desired CO2 recovery depends on several fac-
tors including but not limited to local laws, plant scale, 
CO2 sequestration or utilization strategy, and investor 
pressures. For plants located in the United States, the 
IRS’s Section 45Q tax credit for carbon sequestration 
credits a dollar per ton amount based on the ultimate CO2 

use for eligible facilities [17]. In 2023 for new non-direct 
air capture processes, 45Q credits up to is $85/tonne for 
geologically sequestered CO2 and $60/tonne for other 
qualified uses of CO2 for the first 12 years of operation. 
Eligible power plants must capture at least 18,750 tonnes 
of CO2 and be designed to capture at least 75% of the 
plant’s emissions. In practice, many of these facilities are 
designed to capture at least 90% of baseline CO2 emis-
sions. 

 Once CO2 is captured, it will require compression for 
transportation and its ultimate use. CO2 transmission 
lines are designed to operate over 1000 psig in the so 
called supercritical “dense phase” where the fluid can be 
effectively pumped like a liquid. In this case, the captured 
CO2 leaves the facility at 1500 psig. 

OPTIMIZATION FORMULATION 
The implementation of constrained EGO uses the 

Surrogate Modeling Toolbox [18] package in Python. SMT 
includes an unconstrained implementation of EGO that 
was augmented to generate kriging models of each con-
straint function and use PFCON, UTB, and OFPF as next 
point selection criteria. The formulations used for next 
point selection criteria are described in equations (4) – 
(6) previously. These formulations are solved using a py-
thon SLSQP implementation [19] from 20 different start-
ing points.  

Any simulation run that did not converge in ProMax 
was given an objective value of 10 GJ/tonne, which was 
far greater than any observed objective value. Con-
straints for these unconverged samples were given val-
ues of 10 in standard form (𝑔𝑔(𝑥𝑥) ≤ 0) to denote a violation 
of each constraint.  

The first task for developing an optimization formu-
lation for a process is determining the most appropriate 
objective function and the most necessary constraints. 
For post-combustion carbon capture on power plant flue 
gas, one useful objective function is to minimize the en-
ergy used for carbon capture. Likely all this energy will be 
supplied by the power plant, so minimizing energy con-
sumption will minimize the impact of carbon capture on 
plant profitability. 

The overwhelming power requirement in the carbon 
capture process is the heat used to drive the reboiler. Of 
the power requirements shown in Table 2, the only sig-
nificant costs that could be affected by the carbon cap-
ture unit itself are the reboiler duty and compression 
power. To avoid penalizing higher CO2 recovery inher-
ently, the objective function 𝐸𝐸�(𝑥𝑥) will be the sum of the 
energy consumed by both the CO2 compressors and the 
reboiler duty per unit of recovered CO2 in units of 
GJ/tonne CO2. 

Constraints are selected to ensure that equipment 
and operating constraints are met. The facility will be re-
quired to exceed 90% CO2 recovery 𝐶𝐶(𝑥𝑥), emit less than 
300 tonne/yr of amine solvent 𝑆𝑆(𝑥𝑥), and not exceed a cal-
culated 95% fraction flooding in both the absorber 𝐹𝐹𝑎𝑎(𝑥𝑥) 
and stripper 𝐹𝐹𝑠𝑠(𝑥𝑥). 

Decision variables are limited to properties under 
operational control, leaving amine circulation 𝑎𝑎, water 
wash circulation 𝑤𝑤, and reboiler duty as candidates. In 
this study, the lean loading 𝑙𝑙, defined as the molar ratio 
of CO2 and amine in the amine entering the absorber, will 
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be used as a decision variable since it lends itself better 
to linear bounds than reboiler duty and should be more 
independent of other decision variables.  

min𝐸𝐸�(𝑥𝑥)  where 𝑥𝑥 = (𝑎𝑎,𝑤𝑤, 𝑙𝑙)    

subject to    𝐶𝐶(𝑥𝑥) ≥ 90%    

S(𝑥𝑥) ≤ 300 tonne/yr  

       𝐹𝐹𝑎𝑎(𝑥𝑥), 𝐹𝐹𝑠𝑠(𝑥𝑥) ≤ 95%  (8) 

1500 ≤ 𝑎𝑎 ≤ 3000  

3000 ≤ 𝑤𝑤 ≤ 5000  

 0.05 ≤ 𝑙𝑙 ≤ 0.2  

Each constraint function is passed to the algorithm 
in the form 𝑔𝑔(𝑥𝑥) ≤ 0. A Latin hypercube design of experi-
ments is used to sample 30 points. This initial dataset be-
comes training points for the first kriging model. Next, 
each constraint-handling method is allowed 20 objective 
function evaluations to evaluate the search space and 
find an optimal solution. 

One familiar with amine units would expect lower 
amine circulation rates and higher lean loadings to result 
in lower objective values. While the heat of absorption 
per ton of CO2 is effectively constant in this system, heat-
ing more solvent to the temperature required to desorb 
CO2 requires extra heat. One would also expect the water 
wash circulation should converge to the minimum re-
quired to meet the amine loss constraint.  

RESULTS AND DISCUSSION 
The performance of each constraint method is eval-

uated using three criteria: constraint faithfulness, solu-
tion reliability, and best optimal solution. For this case 
study, each constraint method provides a feasible solu-
tion, but none of the methods reliably converged in the 
allotted number of iterations. 

Objective function values for each iteration are 
shown in Figure 3. Optimal solutions for each run, plus 
the best solution observed for the problem in the study 
are stated in Table 3. This best solution was found by 

 
Figure 3: Comparison of objective function, expected improvement, probability of feasibility, and feasible solution 
progress by iteration. Missing iterations failed to yield a sample point during sample point selection. 

         

0

0.2

0.4

0.6

0.8

1

3.4
3.45

3.5
3.55

3.6
3.65

3.7
3.75

3.8

1 3 5 7 9 11 13 15 17 19

O
bj

ec
tiv

e 
(G

J/
to

nn
e)

Iteration

PFCON

Objective EI PF

0
0.5
1
1.5
2
2.5
3
3.5
4

0

2

4

6

8

10

12

1 3 5 7 9 11 13 15 17 19

O
bj

ec
tiv

e 
(G

J/
to

nn
e)

Iteration

UTB

Objective EI PF

0

2

4

6

8

10

12

0

2

4

6

8

10

12

1 3 5 7 9 11 13 15 17 19

O
bj

ec
tiv

e 
(G

J/
to

nn
e)

Iteration

OFPF

Objective EI PF

3.4

3.5

3.6

3.7

3.8

3.9

4

1 3 5 7 9 11 13 15 17 19

O
bj

ec
tiv

e 
(G

J/
to

nn
e)

Iteration

Feasible Point Comparison

PFCON UTB OFPF



 

Duewall et al. / LAPSE:2024.1598 Syst Control Trans 3:719-725 (2024) 724 

chance in the initial design of experiments. The most op-
timal solutions had an intermediate value of lean loading 
between 0.12 – 0.15 mol CO2/mol amine which allowed 
lower circulation rates to meet the 90% CO2 recovery 
constraint. 

Table 3: EGO optimal solutions by constraint method. 

 PFCON UTB OFPF Best 
Optimal Solution 
(GJ/tonne) 

    

Amine Flow 
(sgpm) 

    

Water Wash 
Flow (sgpm) 

    

Lean Loading 
(mol/mol) 

    

 
Despite not converging on a consistent operating 

point, the solutions provided by each method favor the 
expected minimal amine circulation rate. What was not 
expected was the extent to which lower lean loadings 
were preferred. Contacting flue gas with leaner than the 
maximum required lean loading to achieve 90% CO2 re-
covery increased the capacity of each gallon of amine in 
circulation enough to offset the increased regeneration 
energy per gallon of amine. This resulted in lower energy 
requirements per metric ton of CO2 captured.  

Further analysis on the objective function values 
showed that specific compression power was effectively 
constant at about 0.63 GJ/tonne CO2 captured. This in-
dicates that compression power per unit of CO2 captured 
was unaffected by regenerator operation while the over-
head pressure was held constant. 

Table 4: EGO run characteristics by constraint method. 

 PFCON UTB OFPF 
Failed Iterations    
Feasible Points    
Infeasible Points    
Simulator  
Execution Error 

   

 
Table 4 shows the incident rate of sample point se-

lection failures and the tendency of each method to gen-
erate feasible solutions. OFPF produced the best optimal 
solution and the most feasible points with the least inner-
loop failures. PFCON rarely converged to a sample point 
with its inner-loop optimization; however, when a sample 
point was selected, it had the highest rate of feasible 
sample points. UTB constraints rarely selected feasible 
points, and frequently sampled points where the simula-
tor could not converge to a solution. These trends ob-
served between the different constraint methods are 
consistent with the conclusions of Sohst et al [14].  

CONCLUSIONS 
Each of the three tested constraint-handling meth-

ods yielded a feasible optimal solution; however, none of 
these methods were able to converge on an optimum or 
surpass a solution found in the design of experiments in 
the allowed number of iterations. 

OFPF resulted in the best optimal solution found and 
had the lowest incidence of failures to select a new sam-
ple point. Finding a similar solution to OFPF, UTB sampled 
far more infeasible points than any of the other algo-
rithms. PFCON suffered from several incidences where 
the next point selection algorithm failed to yield a sample 
point. However, when a sample point was determined, 
PFCON was the most likely to yield a feasible solution. 
The numerical issues of PFCON could be addressed by 
modifying the implementation of EGO used. 

One potential improvement is to replace the multi-
start SLSQP optimization algorithm to find the next sam-
ple point. The expected improvement objective function 
is highly multimodal and evaluates very quickly, lending 
itself well to heuristic optimization methods that would 
fight through local minima more effectively. 

The effects of different constraint parameter values 
and larger numbers of EGO iterations on algorithm per-
formance were not studied. More iterations could result 
in convergence to a better solution. There is a chance 
that different lower bound for probability of feasibility in 
PFCON would improve its reliability. Future work could 
compare parameters for each constraint method on dif-
ferent types of functions over more iterations. 

Ultimately, applying these optimization methods to 
a chemical process simulator produced similar results to 
previous work on aerodynamic shape optimization. Fur-
ther improvements on the algorithm would be necessary 
for constrained EGO to be of practical use for optimizing 
process simulations. 
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