
Chemical Engineering & Processing: Process Intensiϧcation 219 (2026) 110638 

A
0

 

Contents lists available at ScienceDirect

Chemical Engineering and Processing - Process Intensification

journal homepage: www.elsevier.com/locate/cep  

A hybrid surrogate and simulation-based framework for efficient 
CapEx/OpEx optimization in complex chemical plantsI

Luis Felipe Sánchez 1, Marcello Maria Bozzini1, Mattia Vallerio ∗, Flavio Manenti
Dipartimento di Chimica, Materiali e Ingegneria Chimica ‘‘Giulio Natta’’ Politecnico di Milano, Piazza Leonardo da Vinci, 32, Milan, 20133, Italy

A R T I C L E  I N F O

Keywords:
CapEx
OpEx
Derivative-free optimization
Surrogate model

 A B S T R A C T

Process Intensification aims at the economic and operational efficiency of chemical processes by emphasizing 
energy integration, unit size reduction, and cost minimization. The optimality of intensified solutions is 
typically assessed using Process Simulators, especially for complex chemical processes. These tools offer limited 
reliability and flexibility for the optimization of Capital Expenditures (CapEx), thus restricting their scope to 
Operational Expenditures (OpEx). As an alternative, external software is commonly required for simulation-
based (SIM-OPT) and surrogate-based (SUR-OPT) CapEx/OpEx optimization. This work introduces a framework 
to select the most efficient optimization methodology based on simulation computational complexity. In 
addition, it presents a novel methodology (MIX-OPT) providing an efficient trade-off between optimization 
speed and accuracy. These three approaches were employed to optimize a complex biogas-to-methanol plant. 
Results showed that SIM-OPT achieved the greatest reduction in the Payback Period (PBP) of the plant (9.28%) 
with highest computational demand (984 min), SUR-OPT had the shortest computational time (717 min) with 
moderate PBP reduction (7.89%), and MIX-OPT reached a compromise with a PBP reduction of 8.24% in 
884 min. The proposed framework demonstrated that simple simulations benefit from SIM-OPT, complex ones 
from SUR-OPT, and a wide range of simulations in the middle from the novel MIX-OPT approach.
1. Introduction

Process simulators (PS) are key tools in the chemical engineering 
practice. They are powerful software tools that solve equation systems 
based on first principles and established scientific laws to mimic the 
behavior of real-scale processes [1]. Their accuracy and precision en-
able the extraction of high-quality data without appealing to real-life 
experimental campaigns [2]. This is particularly useful in the process 
design phase to identify operating conditions and plant configurations 
that can enhance economic performance. For instance, different process 
alternatives may be tested to improve the process profitability [3]. In 
the context of Process Intensification (PI), this may include aspects such 
as energy integration, unit size reduction, and cost minimization [4], 
which should be assessed in conjunction with economic indicators to 
ensure their suitability [5]

The profitability of a process depends on its Capital and Opera-
tional Expenditures (CapEx and OpEx). While the OpEx depends on 
well-defined operational variables obtained from material and energy 
balances, typically obtained from PS, the CapEx depends on several dif-
ferent factors [6]. The equipment cost is strongly related to its particu-
lar type, process conditions, and dimensions, which are user-defined on 
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a case-by-case basis [7]. Consequently, PS often offers tools to perform 
OpEx cost minimization, while CapEx must be evaluated using more 
manual approaches, such as cost correlations or rules of thumb [8]. For 
this reason, the literature approaches dealing with simultaneous CapEx 
and OpEx optimization have typically been supported by external 
CapEx estimation and optimization methodologies.

Simulation-based process economic optimization (SIM-OPT) may 
be performed with derivative-based or derivative-free approaches. Al-
though derivative-based methodologies are typically more efficient, 
derivative information is not usually available in most commercial 
simulation tools [9]. In addition, the iterative nature of numerical 
solutions in process simulators, or the presence of unit operations that 
solve Boundary Value Problems with a determined tolerance may be 
translated into noise, which affects the accurate estimation of the sys-
tem’s derivatives [10]. For this reason, SIM-OPT typically falls within 
the derivative-free optimization domain.

Considering the complexities associated with CapEx estimation in 
simulation environments, some authors have preferred to avoid their 
calculation or to address them separately. For example, Ramos et al. 
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explicitly avoided the evaluation of CapEx at each iteration in a Fisher–
Tropsch synthesis process multiobjective optimization in Aspen Plus 
due to computational limitations [11]. Nevertheless, their study demon-
strated the plant’s profitability for a fixed biogas feed flow rate. In 
contrast, Frosi et al. [12] and Variny et al. [13] proposed energetic 
optimization and posterior CapEx evaluation using Aspen Plus for the 
optimization of an ethanol-to-ethylene and a cyclopentyl methyl ether 
plant, respectively. The analysis allowed the authors to assess the 
feasibility of constructing each of the evaluated plants. However, only 
minimizing OpEx does not necessarily lead to the economic optimum 
over the plant’s lifetime. Other authors have implemented external 
software to evaluate and optimize the CapEx. For instance, Duanmu 
et al. [14] optimized a series of case studies analyzing general qua-
ternary reactive systems in three configurations, including reactive 
distillation, pressure swing distillation, and pervaporation in gPROMS 
Process Simulator. The authors implemented an algorithm in C# to 
solve the MINLP problem, since they also calculated integer values such 
as stages of distillation. In addition, they calculated OpEx in the C# 
script and optimized both OpEx and CapEx with a genetic algorithm. 
Each optimization problem solved required up to 3 h on a dedicated 
high-end computer. The study determined that dividing wall systems 
and hybrid distillation-pervaporation operations saved up to 24% of 
energy and presented a reduced total cost compared to conventional 
reactive distillation alternatives. Nevertheless, the computational time 
needed to perform the optimization is not feasible with more complex 
process layouts and variables. Kazemi et al. [15] used a multiobjective 
genetic algorithm to minimize environmental impact and total cost for 
a bio-methanol production process integrated with a Rankine Cycle 
for waste heat recovery. They reduced the Global Warming Potential 
(GWP) by 71% compared to the initial case, while increasing the 
Internal Rate of Return (IRR) from 20 to 35%. The authors did not 
present the complexity of the approach and the computational effort 
to achieve such results.

Despite their accuracy, derivative-free optimization approaches re-
quire multiple iterations to map the system’s response. This typically 
leads to high computational costs when solving the optimization prob-
lem for complex simulation systems with intricate thermodynamics, 
kinetics, or interactions between unit operations. In fact, these complex 
systems and related simulations are common in chemical engineering 
practice [2]. As an alternative to reduce computational times, surro-
gate models have been widely used in recent years to approximate 
the evaluation of computationally expensive systems arising in this 
context [2,16].

Surrogate-based optimization (SUR-OPT) techniques to solve bound-
constrained mixed-integer derivative-free problems present an alterna-
tive to quickly generate near-optimum solutions without evaluating the 
original function or its derivatives [16]. These methods have recently 
been used to optimize the economic performance of processes such 
as methanol synthesis [17] and CO2 capture [18]. For instance, Kum 
et al. [18] implemented a Deep Neural Network trained with data 
from 486 Aspen Plus simulations to minimize the total annualized 
cost of a CO2 capture process, using 5 optimization variables [18]. 
The high accuracy of the models, with relative errors around 2%, 
allowed the optimization and sensitivity analysis of the process. The 
authors compared the surrogate-based simulation results with the 
original simulation, obtaining an optimum cost with a relative error 
of 0.5%. However, considering the large number of simulations used, 
a direct derivative-free SIM-OPT may have been used instead, with 
potentially better results. Andreasen and van Baten trained a Kriging 
model using a dataset with data from 80 experiments of a methanol 
synthesis process simulated in COCO [17]. The authors determined the 
optimum pressure, temperature, catalyst volume, and purge ratio to 
minimize the Levelized Cost of Methanol (LCOM). The highly accurate 
surrogate, with relative errors lower than 1%, was used to optimize and 
compare the process with other techno-economic analyses available in 
the literature. However, the authors did not validate their optimum 
2 
point found using the original simulation. Moreover, the high accuracy 
of the surrogate model may be related to the intrinsic simplicity of 
the simulation, which provided smooth and noiseless data. In addition, 
the approach excluded steam reforming for syngas production, a key 
step in methanol synthesis, that can significantly influence the overall 
economic performance of the process.

The following work presents a framework for the selection of the 
most efficient CapEx/OpEx optimization methodology among three ap-
proaches: (i) derivative-free simulation-based optimization (SIM-OPT), 
(ii) derivative-free surrogate-based optimization (SUR-OPT), and (iii) 
a novel mixed methodology (MIX-OPT) combining the advantages of 
SIM-OPT and surrogate-based sensitivity analysis. The principle behind 
MIX-OPT is the reduction of the optimization region using information 
from a surrogate model. This is expected to diminish the transient pe-
riods between successive simulations [19], increasing the optimization 
speed. The three optimization methodologies are tested in a complex 
process simulation developed in the design phase of a highly integrated 
methanol synthesis process, including the reforming section, a double-
reactor configuration, several recycles, and the methanol distillation 
zone. The objective functions for optimization are widely used metrics 
such as the Payback Period (PBP), the Discounted Net Present Value 
(DNPV), and the Internal Rate of Return (IRR). The degrees of freedom 
for optimization considered design and operational parameters, such as 
reactor volumes and reactant flow rates.

2. Methodology

Fig.  1 presents the framework proposed in this work to select the 
most efficient methodology for the simultaneous CapEx/OpEx opti-
mization in complex chemical simulations. The first step in the frame-
work is the Simulation Sensitivity Analysis. It consists of a preliminary 
study to determine simulation noise. Although simulations are typically 
deterministic, simulation noise may be quantified as the difference in 
the simulation response obtained with the same input data. Simulation 
noise is typically caused by the required iterative calculations in process 
simulators with their associated error tolerances [10].

The computational time may be improved by relaxing the tol-
erances, while the accuracy may be increased by tightening them. 
Although no general rule exists regarding noise allowance, a typical 
rule of thumb is to consider 1% as the upper boundary, since higher 
allowances could become a significant problem for optimization and 
surrogate modeling [20,21].

The next step is to estimate the Average Simulation Time, which 
is directly related to the simulation complexity. Simpler simulations 
may benefit from simulation-based (SIM-OPT) approaches, while more 
complex ones may require the training of a Surrogate Model to handle 
the optimization. Indeed, the time threshold to define a simulation as 
complex is studied in this work. This has been addressed by assuming 
different simulation times for the same case study to determine which 
optimization approach would prove more efficient.

Surrogate model training will be further discussed in Section 2.5. 
In case the trained surrogate model accurately represents the original 
simulation, it may be directly used for optimization in a SUR-OPT ap-
proach, similar to the work of Andreasen et al. [17]. The threshold for 
defining a surrogate model as accurate has been discussed by different 
authors [21]. Typically, a rule of thumb is setting an upper limit of 5% 
relative error near the optimum value for practical surrogate-guided 
optimization.

Complex simulations, on which a surrogate model has been trained 
but resulted in a limited accuracy, present a challenge for both SIM-OPT 
and SUR-OPT. For these particular cases, the MIX-OPT methodology 
has been proposed. It combines SIM-OPT with the trained surrogate 
model to provide an efficient trade-off between computational ex-
pense and optimization accuracy. In particular, the surrogate model 
is used in a sensitivity analysis to narrow the optimization region 
in a zone near the optimum. Then, the SIM-OPT approach is used 
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Fig. 1. Proposed framework to select the most efficient methodology for the 
simultaneous CapEx/OpEx optimization in complex chemical simulations.

in the reduced region, which is expected to shorten the computa-
tional time due to smaller steps in the optimization algorithm. This 
approach leverages a key characteristic of surrogate models: their 
ability to predict untested points through interpolation [2]. Unlike 
conventional hybrid surrogate-based optimization frameworks, where 
the surrogate replaces the process simulator within the optimization 
loop [22], the MIX-OPT approach applies the surrogate only to redefine 
the optimization domain before launching the rigorous simulation-
based optimization. Consequently, this approach consists of a two-step 
sequential framework. This sequential strategy confines the search 
space around promising regions, leading to a quantifiable compu-
tational time advantage while fully preserving the accuracy of the 
rigorous process simulations.

The details of the methodology followed for each approach are 
presented in this section. Although computational time may not serve 
as a definitive performance or comparison benchmark, it is reported 
to provide a general sense of the computational effort involved. The 
different approaches were implemented using a computer equipped 
3 
with an 11th Gen Intel Core i9-11900 processor at 2.50 GHz and 32 GB 
of RAM.

2.1. Case study

The case study used in this work corresponds to a methanol produc-
tion process from biogas, given its relevance in recent literature due 
to its pivotal role in achieving net-zero targets [23]. The study is set 
in the design phase of a plant with a desired transforming capacity 
of 3600 kg/h of upgraded biogas (74/26 mol% methane/CO2) into 
market-grade methanol. As a key consideration, the biogas feedstock 
must be pretreated to remove impurities and a portion of the carbon 
dioxide to prevent reformer catalyst poisoning. Moreover, the syngas 
produced in the reformer unit should ensure a Stoichiometric Number 
(SN, Eq. (1)) around 2, which is a standard Key Performance Indicator 
(KPI) of its quality [24]. 

𝑆𝑁 =
𝑥H2

− 𝑥CO2

𝑥CO2
+ 𝑥CO

(1)

The Block Flow Diagram (BFD) of the process is shown in Fig. 
2. It presents the four key operations in the process: reforming of 
biogas to produce syngas, methanol synthesis from syngas, methanol 
purification, and the combustion of a mixture of methane and off-gases 
in a furnace to sustain the biogas reforming.

2.2. Process simulation

The process described in Section 2.1 was simulated using Aspen 
HYSYS V.14, a well-known commercial process simulation software 
for petrochemical operations [20]. The thermodynamic package cho-
sen was the Soave–Redlich–Kwong equation of state since it is rec-
ommended for gas-processing and petrochemical systems [25]. The 
methanol synthesis was modeled using the isothermal Plug Flow Re-
actor tool in Aspen HYSYS, accounting for the pressure drops with the 
Ergun equation. Regarding the methanol reaction kinetics, the Vanden-
Bussche and Froment scheme was implemented to describe the reactive 
stage within the tube bundle [26]. Side reactions were not considered 
in this approach, as the reactive mixture, derived from upgraded and 
reformed biogas, contains high concentrations of CO2 (12 m/m%) [27]. 
As a consequence, the downstream separation was limited to methanol, 
water, and non-condensable gases. In contrast, the reformer and the 
furnace were modeled at thermodynamic equilibrium using the Gibbs 
Reactor, hence minimizing the Gibbs free energy of the mixture at 
the selected outlet temperature [28]. Furthermore, the pressure drop 
considered at each heat exchanger of the process was 10 kPa.

A detailed representation of the simulated reforming section is 
presented in Fig.  3 as a Process Flow Diagram (PFD). In this scheme, 
the upgraded biogas feedstock (Stream 1) is preheated using hot flue 
gases from the furnace. Then, the biogas stream is mixed with steam 
that has been previously produced in a boiler utilizing the hot flue 
gases exiting from the furnace. After the reforming operation at 950 ◦C, 
the produced syngas is cooled down to 40 ◦C before a water removal 
operation. The dry syngas is then sent to the methanol synthesis section, 
while the condensed water enters a flash operation to remove the 
solute gases. The water is mixed with a make-up (Stream 18) from the 
methanol purification section to ensure a hydrogen-to-carbon ratio of 
3 in the reformer section, increasing syngas production [29]. However, 
before entering the reformer, water must be preheated (Stream 15) and 
vaporized (Stream 3).

Fig.  4 illustrates a detailed scheme of the synthesis section. The 
syngas from the reforming section (Stream 10) is compressed to 61 bar 
and mixed with the recycled unreacted gases (Stream 38). The reactive 
mixture (Stream 21) is preheated with the product stream from the first 
methanol reactor and further heated up to reach the reactor synthesis 
temperature, set at 250 ◦C. The product stream (Stream 25) is cooled 
down to 40 ◦C to condense methanol and water (Stream 27), which 
are then sent to the purification section. The gases are sent to a second 
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Fig. 2. Block Flow Diagram of the case study.
Fig. 3. Process Flow Diagram of the reforming section.
Fig. 4. Process Flow Diagram of the synthesis section.
analogous reactive stage. The unreacted gases are split into two: a 95% 
fraction recycled to the first reactor (Stream 38) and a 5% fraction sent 
to the furnace (Stream 37) for combustion [30].

The last two sections of the plant regarding methanol purification 
and furnace are shown in detail in Fig.  5. Raw methanol undergoes 
a two-stage separation in two dedicated distillation columns. The first 
column separates the remaining off-gases used for combustion (Stream 
40). Conversely, the second column separates the methanol–water 
mixture into AA grade methanol (99.85 w/w% purity) in Stream 43 
and water in Stream 18. The first column ensures the absence of gases 
and a 99% recovery of methanol at the bottom. The second column 
specifications are the methanol fraction and recovery at the top, both 
equal to 99.9%. This water stream is recycled to the reforming section. 
Regarding the furnace, part of the unreacted gases from the reaction 
and separation sections (Streams 37 and 40) are mixed with methane 
and burned to sustain the reformer reactor’s energetic demand.
4 
2.3. CapEx OpEx estimation

The economic assessment of the process was performed using the 
CapEx OpEx Robust Optimization (CORO) software [31]. CORO is a 
framework developed in C++ and VBA to estimate the capital and 
operational expenditures of a plant based on its Aspen HYSYS process 
simulation and the cost correlations of Turton et al. [8]. The software 
includes the customization of cost-related variables such as the cost 
of raw materials, utilities, and product streams for reliable economic 
estimation.

In this work, the methanol synthesis reactors were modeled as 
shell-and-tube heat exchangers with a reactive section within the tube 
bundle. With this configuration, the cost correlation of fixed tube heat 
exchangers was used [8]. Moreover, the materials chosen for the units 
were stainless steel in the presence of hydrogen, and carbon steel 
otherwise.

The utilities used for the economic analysis and their cost are pre-
sented in Table  1 [8]. In addition, the table presents the cost of methane 
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Fig. 5. Process Flow Diagram of the purification section and furnace unit.
Table 1
Raw material and utility cost.
 Raw Material Cost UoM Reference 
 Methane 0.7 e/kg [25]  
 Upgraded biogas 0.2 e/kg [25]  
 Utility Cost UoM Reference 
 Electricity 0.1064 e/kWh [8]  
 Cooling water 0.0148 USD/m3 [8]  
 Low Pressure Steam 0.024 USD/kg [8]  
 High Pressure Steam 0.038 USD/kg [8]  

Table 2
Output variables.
 Name Description UoM 
 PBP Payback Period y  
 DNPV Discounted Net Present Value USD  
 IRR Internal Rate of Return –  

and upgraded biogas [25]. In this work, the methanol selling price 
was fixed at 0.5 USD/kg [30]. Low-pressure steam (5 bar) has been 
used for the reboilers of both distillation columns, while superheated 
high-pressure steam (40 bar, 350 ◦C inlet) is applied to heat the feed 
before the synthesis reactor. Cooling water is used in every cooler of 
the process simulation, assuming 30 ◦C as inlet and 40 ◦C as outlet 
temperatures, respectively. For simplicity, the heat generated from the 
methanol reaction has not been considered as a profit or cost. Heat 
recovery has been deliberately neglected in order to represent a worst-
case scenario, avoiding assumptions on the possible use or economic 
value of the recovered heat.

The key economic indicators of process profitability considered in 
this study were the Payback Period (PBP), the Discounted Net Present 
Value (DNPV), and the Internal Rate of Return (IRR), shown in Table  2. 
The PBP is a financial indicator that takes into account both capital and 
operational expenditures, as well as the time value of money. The PBP 
of the process is defined as the exact period when the cumulative cash 
flow of the project becomes positive, hence when the project starts to be 
profitable. The DNPV is the sum of all discounted yearly cash flows over 
the project’s lifetime. The IRR is the interest rate value that makes the 
DNPV equal to zero [32]. These particular metrics were implemented 
following the economic parameters described in Table  3.

2.4. Process optimization

The degrees of freedom (DOF) for the process optimization were 
selected by screening the variables expected to influence the economic 
performance of the plant. These variables were:
5 
Table 3
Parameters for economic assessment.
 Parameters Discount rate Taxation rate Timespan Residual value 
 Value 6% 24% 25 years 0 USD  

• Reforming temperature (Ref.T): Affects methane conversion 
and syngas production, as well as the operational expenditures of 
the process. Higher reforming temperatures increase the methane 
burning requirement but improve the syngas production.

• Split ratio in synthesis (Split): Defined as the ratio between 
the recycled flow to the synthesis section and the unreacted gas 
mass flow after the second methanol synthesis reactor (Eq. (2)). 
It affects the overall syngas conversion and methanol production. 
Moreover, it influences the dimensions of the units and the total 
methane consumption. 

Split Ratio =
Recycled gas
Unreacted gas (2)

• Reactor temperatures (R1.T and R2.T): Related to the syngas 
conversion and methanol productivity.

• Reactor volumes (R1.V and R2.V): Related to the syngas con-
version and methanol productivity.

The process layout depends on the methanol synthesis pressure. 
Hence, it was fixed to 60 bar in this study to keep the described process 
layout. The initial, lower, and upper limits for the different degrees of 
freedom were set considering their economic and physical constraints. 
Their values are shown in Table  4. The reforming temperature is 
initially set to 950 ◦C to maximize methane conversion while remaining 
within the operational limits of the material [33]. A minimum value of 
850 ◦C was considered to ensure sufficient methane conversion.

The reactor volumes were set to 4 m3, which is the value to sustain a 
Gas Hourly Space Velocity of 10,000 h−1, typical for methanol synthesis 
reactors [34]. Moreover, typical methanol synthesis temperatures and 
split ratios were assumed for the initial condition [35].

The DOF were used to optimize the economic performance metrics 
reported in Table  2. The optimization problem was studied in three 
separate case studies considering two, four, or all the reported DOF. 
This division was done to assess their impact on the optimization and 
the effectiveness of the SUR-OPT and SIM-OPT approaches. The case 
with two degrees of freedom considered the reforming temperature 
(Ref.T) and the split ratio (Split), which are variables not related to the 
synthesis section. These variables are highly correlated. The reforming 
temperature influences the thermal energy required to reach thermo-
dynamic equilibrium (i.e., methane conversion), while the split ratio 
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Table 4
Degrees of freedom for the optimization problem.
 Number Name Description UoM Initial Min Max 
 1 Split Purge split ratio – 5% 2% 15% 
 2 Ref.T Reformer temperature ◦C 950 850 950  
 3 R1.T First reactor temperature ◦C 250 230 270  
 4 R1.V First reactor volume m3 4 1 4  
 5 R2.T Second reactor temperature ◦C 250 230 270  
 6 R2.V Second reactor volume m3 4 1 4  
changes the amount of gas sustaining the reforming unit. In contrast, 
the case study with 4 variables considered synthesis-related variables 
only, such as the reactors’ temperatures and volumes. These vari-
ables are correlated with the methanol production and their associated 
revenues.

The derivative-free SIM-OPT problem was addressed using the 
BzzMath numerical package BzzMinimizationRobust, included in the 
CORO. It is a well-established mathematical software widely used for 
both academic and industrial purposes [36]. BzzMinimization Robust 
couples the derivative-free, valley-oriented OPTNOV algorithm with 
short Nelder–Mead sweeps, giving it exceptional stability on noisy, 
discontinuous, and computationally expensive objective functions com-
mon in chemical-process optimization. OPTNOV alternates coordinate 
line searches with simplex restarts along inferred valley directions, 
preventing simplex degeneration while efficiently traversing rugged 
response surfaces [37]. Prifti et al. (2022) described the power and re-
liability of the tool and tested its performance on several custom-made 
process simulations [38]. During the optimization, any simulation that 
fails to converge is automatically discarded, and the last successfully 
converged solution is reloaded and used as the starting point for the 
subsequent iteration. Convergence tolerances were set to 1 × 10−3 for 
the objective function and 1 × 10−4 for the degrees of freedom, ensuring 
both numerical stability and solution consistency.

2.5. Surrogate modeling

The complex and computationally expensive simulation of the
methanol synthesis process described in Section 2.2 motivated a
surrogate-modeling approach. The surrogate model was trained using 
simulation data extracted following a one-shot space-filling Design of 
Experiments methodology, to map the response surface of the differ-
ent objective functions evenly. The surrogate was used to map the 
input/output correlation of the optimization variables (inputs, Table 
2 and the objective functions (outputs, Table  4).

2.5.1. Design of experiments
The efficiency of one-shot approaches depends on their space-filling 

characteristics [39], which possibly guarantees an even representation 
or global approximation of the system’s response. For this reason, the 
selected DoE strategy was the maximin-optimized Latin Hypercube 
Sampling (maximin LHS). This methodology has been widely imple-
mented in chemical engineering applications [2], as it generates a 
design with the smallest maximum distance between sampled points, 
guaranteeing even spatial coverage of the domain. The methodology 
was applied using the Python package skopt [40].

The number of samples for the training dataset was selected based 
on Loeppky et al. guidelines [41], who determined that the number of 
samples should be around 10 times the number of input variables for 
an efficient computational experiment. For this reason, a total of 70 
samples, equal to 10 times the maximum number of degrees of freedom 
(6 from Table  4) plus 10, were extracted. The additional simulations 
were proposed to account for potentially non-convergent simulations.

The simulations were executed sequentially, using a Python script 
linked to the Aspen HYSYS process simulation. If the simulator fails to 
converge, the next simulation in the experiment list is performed.
6 
2.5.2. Data management and data pre-processing
The data management of this work considered an 80/20 proportion 

for the training and test sets. The training and test sets were designed 
independently using the same DoE approach (maximin-optimized LHS, 
Section 2.5.1) to reach similar sample distributions within the domain. 
Hence, the test dataset contained 18 samples. As a suggestion, the 
test set may be designed and simulated during the initial sensitivity 
analysis described at the beginning of this Section, which guarantees 
an unbiased evaluation of the space and reduces the total required 
computational expense. A summary of the data management process 
is presented in Fig.  6.

The designed samples were introduced to the simulation. The recov-
ered data was validated and normalized in a pre-processing activity, 
excluding non-convergent simulations using the Pandas Python pack-
age [42]. The training set was used for model training, validation, and 
selection. With 5 folds, the cross-validation technique of the sklearn 
Python package [40] divided the training set in a proportion of 80/20 
for training and validation. This means that each k-fold contained 16% 
of the total available data (14 points).

2.5.3. Mathematical models
The mathematical models chosen for surrogate modeling were some 

of the most widely used in the literature, including linear and poly-
nomial regressions, regression forests, boosted trees, support vector 
regression, and the Kriging Gaussian Process with Radial Basis Func-
tion (RBF) kernel [2,43]. These models were available in the sklearn, 
Pytorch, and GPytorch Python packages [40,44].

Ten mathematical models were trained for each objective function. 
Model selection was based on the lowest average Mean Absolute Error 
(MAE) after the 5-fold cross-validation. Since the MAE was calculated 
over normalized data, it is not only an intuitive, uniform, and accurate 
metric to evaluate the error but also a representation of the relative 
error of the model.

2.6. Surrogate-based optimization

Several mathematical models were evaluated for surrogate model 
training, as discussed in Section 2.5.3. Each model required the use of 
different Python packages, presented their individual functional form, 
thus requiring the use of different Python packages, resulting in varied 
functional forms and different implementation characteristics. More-
over, since derivative information would only be available for a limited 
number of these models (such as linear and polynomial regressions), a 
derivative-based approach would not be possible for all of them, even 
though it would certainly generate accurate results efficiently. These 
inconsistencies motivated the adoption of a systematic Derivative-Free 
Optimization approach that could be used independently of the final 
selected model.

NOMAD (Nonlinear Optimization using the MADS algorithm) was 
chosen for derivative-free SUR-OPT. It is a well-known open-access 
black-box derivative-free optimization software that implements the 
Mesh Adaptive Direct Search (MADS) algorithm [45]. The MADS al-
gorithm defines a mesh in which the surrogate model is evaluated. The 
mesh size is iteratively adjusted until no further improvement in the 
optimal value is observed. The algorithm has been designed for noisy 
functions [45], but has shown accurate results in smooth functions, 
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Fig. 6. Data division into training (70 samples), validation (14 samples), and test (18 samples) sets. Training and test data were generated using maximin-optimized 
LHS.
which are typically derived from surrogate models [16]. Moreover, 
NOMAD incorporates a variable neighborhood search metaheuristic to 
escape potential local optima. This may increase its computational cost 
but also enhances the likelihood of reaching a global optimum [16]. 
However, since NOMAD was used to optimize the trained surrogate 
model, each evaluation is inexpensive, allowing to perform a larger 
number of experiments. These characteristics motivated the selection of 
NOMAD over the OPTNOV algorithm used for SIM-OPT (Section 2.4).

This work implemented NOMAD using the PyNomad 4.4.0 Python 
package [45]. The NOMAD parameters were kept at their default 
values, except for VNS_MADS_SEARCH, which was activated to increase 
the probability of reaching global optimum values. Moreover, the max-
imum number of model evaluations (MAX_BB_EVAL) was set to 500 to 
guarantee an exhaustive domain exploration.

3. Results and analysis

3.1. Base case process simulation

The initial degrees of freedom shown in Table  4 were used to 
establish the base case scenario of the process simulation described in 
Section 2.2. The simulation presented a highly interconnected process 
with complexities associated with the required iterative calculations, 
typical for sequential solving approaches [9,10]. The overall computa-
tional time was affected by the distillation columns solving Boundary 
Value Problems, and the adjusting and recycling tools iterating to a fea-
sible solution. The three adjusting items regulated the water make-up 
(Stream 18), the methane requirement (Stream 44), and the methanol 
synthesis closed-loop pressure (Stream 29), whereas the six recycle 
operations were required to account for recirculating streams due to 
the sequential nature of Aspen HYSYS.

Following the methodology in Fig.  1, a preliminary study was 
conducted to determine the stability and computational expense of 
the simulation [10]. For this purpose, the test set for the surrogate 
model, containing 18 simulations, was used (Section 2.5.2). After each 
simulation, the degrees of freedom were returned to the initial values 
shown in Table  4. The values of the objective functions after returning 
to the initial simulation state were recorded and used to quantify the 
simulation noise. The average and standard deviation of the noise found 
were 0.17% and 0.11%, respectively. These values are smaller than the 
1% threshold mentioned in Section 2 for an accurate simulation, and 
set the limit for the accuracy of the optimization in both surrogate and 
simulation-based approaches. The average simulation time during the 
sensitivity analysis was 8 min.

At the initial simulation conditions, the 3600 kg/h of biogas feed-
stock (Stream 1) and 2159 kg/h of steam (Stream 16) transformed into 
5759 kg/h of syngas with an SN of 1.93 (Stream 5) in the reforming 
section. The water make-up required in Stream 18 was 1467 kg/h. The 
furnace required 809 kg/h of methane (Stream 44) plus 680 kg/h of 
unreacted gases (Streams 37 and 40) to supply the 9.52 MW required 
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Table 5
Base case utility consumption.
 Utility Electricity CW LPS HPS  
 Consumption 753 kW 208 kg/h 2.05 kg/h 0.291 kg/h 

Table 6
Economic assessment of the base case scenario.
 KPI PBP DNPV IRR  
 Value 8.62 24.2 14.7 
 UoM y USD M %  

by the reformer. The produced syngas entered the methanol synthesis 
section (Stream 20), where it was mixed with 6022 kg/h of recycled 
gas (Stream 38), increasing its SN value to 2.80 before the first reactor 
(Stream 21). The raw methanol produced by the two synthesis stages, 
with a molar fraction around 0.75, was 5443 kg/h in the first stage 
(Stream 27) and 4389 kg/h in the second (Stream 35). A total of 
534 kg/h of unreacted gases (Stream 37) are purged and burned in the 
furnace.

At the base case scenario conditions, the utility consumption of the 
process is presented in Table  5, while the economic assessment is re-
ported in Table  6. In particular, it was observed that the reforming and 
compression units presented the highest bare module costs at 5.7M and 
2.6M USD, respectively. In addition, the main operational expenditures 
were shown by methane and biogas consumption (10.3M and 2.5M 
USD/y, respectively). Revenues only come from selling methanol.

3.2. CapEx OpEx robust optimization (SIM-OPT)

The derivative-free SIM-OPT problem described in Section 2.4 was 
solved considering two, four, and six degrees of freedom. Given the 
high computational expense of the simulation, only the PBP was used 
as the objective function, although all economic parameters were cal-
culated at the optimal point. The optimal degrees of freedom for each 
case are presented in Table  7, while the economic key performance 
indicators are shown in Table  8. All the degrees of freedom chosen 
demonstrated an influence on the process’s economic performance. In 
particular, the economic performance of the reactors improved at re-
duced volumes, demonstrating the potential for process intensification 
from standard volume determination heuristics (see Section 2.4). More-
over, the optimal value for the reformer temperature (Ref.T) exhibited a 
marked shift from its initial value towards its lower bound, demonstrat-
ing that the operating expenditures of sustaining the reformer had a 
more critical impact on the economics than the conversion of the syngas 
produced, contrary to the initial hypothesis described on Section 2.4.

Table  8 also presents the total number of iterations required by 
the CORO derivative-free optimizer to reach the described optimum. 
For these iterations, the previously estimated average of 8 min per 
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Table 7
Optimal parameters for the three optimized scenarios.
 DOF Objective function Ref.T R1.V R2.V R1.T R2.T Split  
 2 PBP 859 4 4 250 250 4.7%  
 4 PBP 950 2.10 2.11 253 244 5.00% 
 6 PBP 853 2.13 2.02 253 255 6.64% 
Table 8
Key performance indicators for optimized scenarios.
 DOF Objective function PBP DNPV IRR n◦ Iteration 
 Base – 8.62 24.2 14.7 –  
 2 PBP 8.34 24.6 15.1 82  
 4 PBP 8.25 24.3 15.3 64  
 6 PBP 7.82 25.0 16.0 105  

Table 9
Normalized MAE (equivalent to percentage relative error) in the test set for 
the two best-performing trained mathematical models for the output variables 
of Table  2.
 Name UoM Best model %MAE 2nd Best model %MAE 
 PBP y Kriging 4.66% 2 Order Polynomial 5.51%  
 NPV USD Kriging 4.79% 2 Order Polynomial 5.57%  
 IRR – Kriging 4.85% 2 Order Polynomial 5.42%  

simulation persisted. These iterations showed a dependency on the 
distance of the initial guess to the final optimization point and the 
steepness of the response. For instance, similar values were observed 
when the temperatures and volumes of the reactors changed, which 
may be related to the presence of a valley and thus to the quicker 
convergence of the optimizer compared to the case with two degrees 
of freedom. Regarding the optimization with six degrees of freedom, 
an improvement of 9.3% in the economic performance was observed. 
However, the large number of iterations leads to extensive compu-
tational time, considering the estimated 8 min per simulation (see 
Section 3.1).

3.3. Surrogate modeling

The ten mathematical models described in Section 2.5 were trained 
using the dataset designed with the DoE strategy reported in Sec-
tion 2.5. The required training time was 104 s for the 9 regression 
models and 116 s for Kriging. The model accuracy results for the two 
best mathematical models are presented in Table  9. Moreover, Fig. 
7 displays the parity plots for Kriging, the model with the highest 
prediction accuracy. The final surrogate model of the simulation was 
the ensemble of the best mathematical models for each output variable 
prediction. The Kriging Gaussian Process with RBF kernel presented 
the most satisfactory results. However, simpler models such as linear 
or polynomial regression also showed high prediction accuracies. This 
suggests that, although the predicted variables present a marked non-
linear behavior, linear or quadratic functions may still be accurate for 
quickly mapping their response.

The average MAE for the output variables was 4.6%, which is higher 
than the surrogates trained by Andreasen and van Baten [17] or Kum 
et al. [18] in similar applications. This error may be explained by the 
complexity and high integration of the simulation case used in this 
work, which complicated its representation with a surrogate. Moreover, 
the dataset used in this work is smaller than the one reported by these 
authors, since the objective was to efficiently map the response surface 
by reducing the computational time. Despite the error being smaller 
than the threshold defined in Fig.  1, both SUR-OPT and MIX-OPT 
approaches were evaluated with this surrogate.
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3.4. Surrogate-based optimization (SUR-OPT)

The surrogate model of the simulation supported a derivative-free 
optimization using NOMAD (Section 2.6). The optimization problem 
was solved using two, four, and six degrees of freedom, as described 
in the same Section. Due to the fast evaluation time of the surrogate 
models, the average optimization time was less than one minute for all 
objective functions defined in Section 2.4. However, the optimization 
problem was solved nine times (for a total of 9 min) to determine the 
best solution. The best results for the objective functions are presented 
in Table  10, while the best values for the optimization variables are 
presented in Table  11. All the results were validated with a rigorous 
process simulation to assess the feasibility of the solution.

Table  10 shows that the proposed objective functions reached highly 
accurate solutions when two, four, or six degrees of freedom were 
considered. Overall, the accuracy was higher for the PBP and IRR 
objective functions. The different case studies reached an optimum at 
the lower boundary of the reformer temperature (Ref.T), at 850 ◦C. 
The remaining degrees of freedom showed wide variations in the 
different cases studied. The presence of an optimum value close to 
the boundaries of the input space used for training may explain the 
higher relative error in the result validation with the simulation, since 
the point density close to the boundaries in algorithms based on LHS 
decreases, increasing the risk of extrapolation.

3.5. Surrogate-based sensitivity analysis

The trend to reach the lower boundary of the reformer temperature 
(Ref.T) may suggest a steep behavior of the system response to this 
variable. To further study the behavior of the variables, a sensitivity 
analysis was conducted. First, the optimization with 2 DoF was further 
studied in Figs.  8 and 9. The response surface is described by a steep 
surface with a marked optimum at a reformer temperature (Ref.T) of 
850 ◦C. In contrast, the reactors’ temperatures and volumes presented 
extensive valleys with similar economic performances, as shown in Figs. 
10, 11, and 12. However, the location and extension of the level lines 
surrounding the smallest PBP suggest the most likely location of the 
actual optimum of the system. In particular, Fig.  10 shows a lower 
economic sensitivity at higher reactor temperatures and lower volumes. 
Moreover, Figs.  11 and 12 suggest that the first reactor should have a 
higher temperature and volume than the second. The average time to 
construct each plot using the surrogate models was 3 min due to the 
evaluation of the 400 points required by the generated mesh (20x20). 
The smoothness of the response surfaces arises from the surrogate 
models, which capture the overall trend of the experimental response 
rather than closely fitting each experiment.

The sensitivity analysis results agree with the initial hypothesis 
made in Section 3.4 regarding the behavior of the response surface. This 
information may be further used to define appropriate first guesses and 
variable boundaries in an eventual derivative-free MIX-OPT. These nar-
rower boundaries could improve the optimization times in simulation-
based approaches. For example, defining the boundaries considering a 
PBP of 7.85 in the sensitivity analysis, the possible initial values and 
boundaries could be those presented in Table  12.
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Fig. 7. Parity Plots for the output variables of Table  2 using the best mathematical models for prediction described in Table  9.
Table 10
Optimum values for the objective functions in the different SUR-OPT cases. The optimum values were validated 
and compared with the simulation to determine their relative error.
 DOF Objective function Optimum HYSYS validation Error  
 Base – 8.62 8.62 –  
 2 PBP 7.89 7.94 0.63% 
 2 DNPV $ 24,912,910.71 $ 23,172,132.89 7.51% 
 2 IRR 15.81% 15.80% 0.06% 
 4 PBP 7.97 8.11 1.79% 
 4 DNPV $ 24,729,745.00 $ 24,539,568.67 0.77% 
 4 IRR 15.68% 15.46% 1.45% 
 6 PBP 7.78 8.25 5.70% 
 6 DNPV $ 25,740,777.00 $ 23,497,975.03 9.54% 
 6 IRR 15.97% 15.22% 4.93% 
Table 11
Optimum values for the optimization variables in the different SUR-OPT cases. The values in bold were kept 
constant in the specified optimization case.
 DOF Objective function Ref.T R1.V R2.V R1.T R2.T Split  
 Base – 950.0 4.00 4.00 250.0 250.0 5.0% 
 2 PBP 850.0 4.00 4.00 250.0 250.0 5.4% 
 2 DNPV 850.0 4.00 4.00 250.0 250.0 2.0% 
 2 IRR 850.0 4.00 4.00 250.0 250.0 5.4% 
 4 PBP 950.0 1.78 1.38 270.0 251.5 5.0% 
 4 DPV 950.0 2.32 2.34 263.7 250.2 5.0% 
 4 IRR 950.0 1.72 1.25 270.0 252.6 5.0% 
 6 PBP 850.0 2.38 2.06 263.0 246.0 2.5% 
 6 DNPV 850.0 3.41 2.99 246.8 245.6 2.0% 
 6 IRR 850.0 2.11 2.03 267.0 246.5 3.2% 
9 
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(a) Response surface

  
(b) Response at fixed Ref.T = 850 ◦C

 

Fig. 8. PBP as a function of split ratio (Split) and reformer temperature (Ref.T).
 
(a) Response surface

  
(b) Response at fixed Ref.T = 850 ◦C

 

Fig. 9. IRR as a function of split ratio (Split) and reformer temperature (Ref.T).
 
(a) Response surface

  
(b) Level Lines

 

Fig. 10. PBP as a function of first reactor temperature (R1.T) and volume (R1.V).
Table 12
Potential initial guess and boundaries for an eventual rigorous SIM-OPT 
defined from SUR-OPT and sensitivity analysis.
 Name UoM Start Min Max 
 Split – 5% 2% 8%  
 Ref.T ◦C 855 850 860  
 R1.T ◦C 265 255 270  
 R1.V m3 2.7 2.2 3.2  
 R2.T ◦C 247 240 255  
 R2.V m3 2.2 1.7 2.7  
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3.6. Simulation-based optimization with narrower boundaries (MIX-OPT)

The results for the optimization problem described in Table  12 
are presented in Table  13. The narrower boundaries were expected to 
reduce the transient periods between successive simulations due to the 
proximity of the points [19]. Indeed, the computational time of the 
simulation decreased to 2 min. This is explained since convergence in 
sequential simulators resembles an optimization, which converges more 
quickly with an appropriate initial guess. In this case, the proximity 
of the simulations acted as improved initial guesses to reach a new 
steady-state.

With the MIX-OPT methodology, the optimal value was improved 
compared to the SUR-OPT approach. However, it was not possible 
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(a) Response surface

  
(b) Level Lines

 

Fig. 11. PBP as a function of first and second reactor’s volume (R1.V, R2.V).
 
(a) Response surface

  
(b) Level Lines

 

Fig. 12. PBP as a function of first and second reactor’s temperature (R1.T, R2.T).
Table 13
SIM-OPT results supported on the surrogate-based initial guess and boundaries 
defined in Table  12.
 PBP DNPV IRR n◦ Iteration 
 7.91 24.9 15.8 76  

to reach the same minimum obtained in the SIM-OPT since the de-
fined boundaries did not include the optimal points of two degrees of 
freedom (R1.V and R1.T). These values may be included by defining 
broader optimization boundaries, which would improve the optimum 
accuracy but would also increase the total computational time.

Table  14 summarizes the results for the three optimization ap-
proaches for PBP optimization: SIM-OPT, SUR-OPT, and MIX-OPT. 
These results could have been affected by the simulation noise, which 
has been estimated to affect the PBP improvement by up to 0.3% (See 
Section 3.1). The computational times required by simulation, model 
training, sensitivity analysis, and process optimization are presented as 
follows:

• Simulation time: Refers to the simulation runs used to build the 
dataset for surrogate model training (70 simulations, 8 min per 
simulation, for a total of 560 min).

• Training time: Required to train the 10 mathematical models 
evaluated in this work (around 4 min, see Section 3.3).

• Sensitivity analysis time: Includes the initial sensitivity analysis 
time required to assess the simulation complexity (18 simulations, 
8 min per simulation, for a total of 144 min) and the surrogate-
based sensitivity analysis described in Section 3.5 (15 min). The 
initial sensitivity test is also used as the test set for the surrogate 
model (See Section 2.5.2).
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Table 14
Summary table of the three optimization approaches followed. The total time is 
reported as simulation time/model training time/optimization time/sensitivity 
analysis time/total time.
 Approach Best PBP PBP improvement Time (min)  
 Base 8.62 0.00% –  
 SUR-OPT 7.94 7.89% 560/4/9/144/717  
 SIM-OPT 7.82 9.28% 0/0/840/144/984  
 MIX-OPT 7.91 8.24% 560/4/161/159/884 

• Optimization time: Refers to the time required by the NOMAD 
optimization in the SUR-OPT and MIX-OPT approaches (1 min, 
repeated 9 times for a total of 9 min) and to the simulation-based 
approaches’ time. In the MIX-OPT, the average time per simula-
tion was considered 2 min instead of 8, since the computational 
expense was reduced with narrower boundaries, as mentioned 
above.

Each optimization approach studied in Table  14 presented particu-
lar advantages. On the one hand, SUR-OPT demonstrated an overall 
reduction in the computational time of 20%. The surrogate model 
trained showed high flexibility and fast calculation speed, ideal to solve 
different optimization problems, or to study the system behavior via 
sensitivity analysis. On the other hand, SIM-OPT presented the highest 
accuracy, but the largest computational times.

The results suggest that the combined use of both optimization ap-
proaches (MIX-OPT) offers an efficient trade-off between computational 
time and optimization accuracy, reducing the total computational ex-
pense by 10% while achieving an optimum within 1% of that obtained 
using SIM-OPT. In case the accuracy of the surrogate model of the sim-
ulation was higher, the boundary redefinition could have been tighter, 
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Table 15
Hypothetical computational time for the three optimization approaches con-
sidering an average time per simulation of 1.75 min instead of the original 8. 
The total time is reported as simulation time/model training time/optimization 
time/sensitivity analysis time/total time.
 Approach Time (min)  
 Base –  
 SUR-OPT 122/4/9/32/167  
 SIM-OPT 0/0/183/32/215  
 MIX-OPT 122/4/42/47/215 

further reducing computational expense and/or increasing optimization 
accuracy.

The MIX-OPT approach may be unnecessary for less complex simu-
lations with shorter computational times, where the SIM-OPT approach 
should be used. Determining the boundary computational time for this 
purpose depends on several factors, in particular, the system dimen-
sionality. For a dimensionality of six, as in this case study, the boundary 
time may be estimated by assuming constant model training, an equal 
number of simulation runs, and surrogate-based optimization time. 
Moreover, it is assumed that the simulation time after the sensitivity 
analysis keeps the ratio observed in this study (i.e., 25% of the original 
simulation time). In this order of ideas, a simulation with an average 
convergence time of 1.75 min would have presented the results shown 
in Table  15, suggesting the SIM-OPT approach would be ideal for 
simulations up to this computational time.

4. Conclusions

In this work, three derivative-free optimization methodologies were 
evaluated and compared for the simultaneous CapEx and OpEx opti-
mization during the design of an industrial-scale methanol production 
plant from biogas: (i) simulation-based (SIM-OPT), (ii) surrogate-based 
(SUR-OPT), (iii) and the novel proposed method (MIX-OPT). The case 
study was a highly integrated simulation with long computational 
times. The SIM-OPT made use of CORO, a robust economic tool for 
economic assessment, while the SUR-OPT used NOMAD, an open-access 
efficient optimization software.

SUR-OPT presented the highest calculation speed with the lowest 
accuracy, the opposite of the SIM-OPT. This suggests that simulations 
with a short convergence time may benefit from direct simulation-
based optimization. The rigorous SIM-OPT was complemented with the 
surrogate model in a novel MIX-OPT approach by implementing the 
results of the SUR-OPT and surrogate-based sensitivity analysis to set 
the initial point and the boundaries of the simulation-based rigorous 
approach. The MIX-OPT provided an efficient trade-off between the 
computational time required and the optimization accuracy, even with 
a surrogate model with an average prediction error of around 5% 
concerning the simulation.

Although this work presented a comprehensive and efficient frame-
work for process optimization, there are still research questions to 
address. For instance, the specific optimizers, tolerances and solving 
algorithms chosen for each optimization strategy (SIM, SUR, or MIX-
OPT) may further influence the trade-off between model accuracy and 
computational time. Moreover, the feasibility of the MIX-OPT approach 
strongly depends on the average convergence time of the simulation. 
A preliminary study suggested that problems with similar dimension-
ality would benefit from the MIX-OPT approach at average times per 
simulation larger than 1.75 min. However, further research should 
generalize the optimization approach selection considering the pro-
cess dimensionality. Moreover, a more rigorous sensitivity analysis for 
boundary redefinition in the MIX-OPT approach should be investigated, 
considering how the surrogate model’s precision affects its redefinition. 
Ultimately, the presence of large valleys in the optimization problem 
could be better addressed through a weighted objective function, which 
would emphasize capital expenditure (CapEx), favoring solutions with 
comparable objective values but higher CapEx.
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