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ABSTRACT 
This research presents a novel framework for the surrogate-based dynamic optimization of control 
schemes within chemical separation and purification processes such as the biorefinery down-
stream processing. The current study investigated the downstream of an enzymatic bioreactor 
responsible for the synthesis of 5-hydroxymethylfurfural value-added derivatives, focusing on the 
critical balance between operational costs and productivity. Two high-fidelity long short-term 
memory neural network-based surrogate models were developed to predict energy consumption 
and economic gain, both achieving a coefficient of determination (R2) exceeding 0.97. These mod-
els were subsequently integrated into a multi-objective optimization architecture to address an 
operating efficiency testing scenario characterized by stepwise inflow parameter changes. By ex-
ploring the resulting Pareto front, an optimal set of operational (control) settings was identified 
and validated. The results demonstrate that while energy consumption remained nearly constant, 
the total economic benefit increased by approximately 20% over the whole studied timeframe. 
Critically, during the transient period between steady-states, the economic benefit surged by 
nearly 60%, highlighting the potential of surrogate-based dynamic optimization. The high compu-
tational efficiency of the developed models (optimal solution obtained in less than three minutes) 
suggests significant real-time process control application possibilities. Unlike computationally ex-
pensive first-principles models, the developed neural architectures allow for virtually instantane-
ous setpoint adjustments. This paves the way for their integration into model predictive control or 
real-time process control layers, enabling industrial plants to respond adaptively to feed fluctua-
tions, minimize off-spec product during transitions, and maximize profitability. 
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INTRODUCTION 
Classic control strategies often fail to maintain their 

performance under variable conditions as nonlinear pro-
cesses become more interlinked and data-heavy [1]. This 
holds particularly true in case of novel complex pro-
cesses, such as the separation and purification of 5-hy-
droxymethylfurfural (HMF) derivatives. The design of 
economical and process-efficient separation sequences 
with minimal environmental impacts is crucial for the fu-
ture of such promising green biocatalytic pathways [2]. A 
shift toward dynamic operation optimization is required 
due to the intrinsic non-linearity of these separation units 
and the variability of bio-reactor effluents. Artificial Neu-
ral Networks (ANNs), that describe intricate nonlinear 

input-output interactions without the need for the deep 
understanding of the underlying process dynamics [3], 
represent the forefront of this shift.  

Recent research on neural network-based surrogate 
models showed their high-fidelity at orders of magnitude 
smaller computational requirements, emphasizing their 
potential for real-time applications [4]. These networks 
can forecast ideal setpoints of the control loops by train-
ing on synthetic and historical information, allowing for 
proactive rather than reactive control. Furthermore, 
these surrogate models can be developed to directly 
forecast the evaluation criteria or objectives for the 
whole process [5]. The incorporation of temporal de-
pendencies using Long Short-Term Memory (LSTM) net-
works has been a major development in this field. Due to 
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their design, LSTMs are most appropriate for handling 
sequences and time-series data [6]. LSTMs were shown 
to outperform conventional ANNs in handling the sto-
chastic nature of changing inputs in industrial power re-
search [7]. An excellent surrogate model was developed 
utilizing LSTM networks for multi-objective optimization 
in multigeneration systems, increasing operational effi-
ciency by up to 12% in some aspects [8]. 

In the context of Computer-Aided Process Engi-
neering (CAPE), the smooth integration of advanced sur-
rogates into optimization frameworks remains a chal-
lenge, particularly for processes outside the energy sec-
tor. To address this, the current study proposes an im-
proved LSTM surrogate model-based dynamic optimiza-
tion architecture designed for the continuous refinement 
of operational parameters. The proposed framework 
aims to enhance the energy efficiency and economic vi-
ability of a previously proposed and investigated biore-
finery downstream process for bio-based HMF deriva-
tives [2], combining recent advances in machine learning 
and practical process systems engineering. 

METHODOLOGY 

Case study description 
The development of a downstream process for the 

enzymatic conversion of HMF and 1-phenyle-thylamine 
(PEAM) was previously proposed and studied. The sepa-
ration and purification of the resulting mixture of 2, 5-
bis(hydroxymethyl)furan (BHMF), 1-phenylethylalcohol 
(PEA), 1-phenyle-thylamine (PEAM) and 5-(ami-
nomethyl)-2-furanmethanol (HMFA) was discussed [2]. 
The mentioned process was since enhanced in terms of 
heat integration and product quality as shown in Figure 1. 
The enhanced version of the Aspen Plus simulation was 
implemented in Aspen Plus Dynamics in order to study 
the control of the process. The dynamic implementation 
was performed separately for the two non-interacting 
process lines responsible for the alcohol and amine prod-
ucts, respectively, as can be observed in Figure 1. 

Dynamic model development 
The proper functioning of each column was ensured 

by four control loops responsible for the material and en-
ergy balances. Columns C1 and C3 use three mass-bal-
ance loops plus a temperature control loop, while col-
umns C2 and C4 employ cooling agent pressure manipu-
lation specific to total-condenser configurations. Further 
control loops were employed to maintain the optimal con-
ditions of the other unit operations, e.g., flow ratio con-
troller for the liquid-liquid separation. The utilized con-
trollers were conventional PID which were tuned based 
on various methods, e.g., closed loop (Ziegler-Nichols), 
open loop (internal model control). The current study fo-
cuses solely on the alcohol line of the proposed 

biorefinery downstream process. The regulatory control 
layer is driven by the upper control layer, where dynamic 
optimization of energy and economic indices is per-
formed to provide setpoints for the control loops of the 
bottom layer. 

Data generation 
Two types of simulation were performed in order to 

obtain the database required for the development of 
data-driven models. In case of the first type, the param-
eters of the incoming stream were subjected to a step 
change, while the operational parameters were kept con-
stant. The inflow parameters considered were the mass 
flowrate, temperature and mass fractions of the two al-
cohol products. The boundaries of change for the mass 
flowrate and mass fractions were defined as -10% and 
+10%, whereas the temperature was changed by -5 °C to 
+5 °C compared to the steady-state value. In order to 
encompass a variety of steady-state conditions, the sim-
ulation was not reset before each step changes, but only 
after three changes were implemented. 

In case of the second type of simulation, the opera-
tional parameters were subjected to step changes in a 
similar fashion. The setpoints of the most important con-
trol loops were considered, i.e., temperature setpoints of 
columns C1 and C2 and the pressure setpoint of the 
COMP1 compressor. The limits for the step change were 
chosen as -10 °C to +10 °C for column C1, -12.5 °C to 
+12.5 °C for column C2 and -0.05 bar to +0.05 bar in case 
of the pressure setpoint. Similarly to the previously de-
scribed data generation procedure, the simulation was 
reset to the original steady-state values only after a step 
change for each of the operational parameters was per-
formed. The proposed tuned control structure resulted in 
a dynamic transition period of around one and a half 
hours after a step change (at the upper or lower bound-
ary) was introduced in all cases before reaching steady-
state.  

In order to best cover the region defined by the step 
change boundaries in the least number of scenarios, a 
combined design of experiments (DoE) approach was uti-
lized. The D-optimal design with three levels and the Hal-
ton quasi-random sequence were employed to fill out the 
input space. In this manner, 25 scenarios of the first type 
and another 20 scenarios of the second type were de-
fined. The sequences of individual step changes were ex-
tracted at a five-minute sampling time from the men-
tioned scenarios. Each sequence contained half an hour 
of steady-state followed by the step change and a three-
hour period which contained both the dynamic evolution 
and resulting steady-state. 

LSTM model development 
A total of 118 data sequences were obtained 

through the previously described methodology which 
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were utilized in the ANN development.  
The input features of these models are the seven 

parameters of interest i.e., the four inflow parameters and 
the three operational parameters which were varied in 
the data generation scenarios. The output features of 
these models were the objective function results for the 
studied sequences.   

These objective functions are presented in the sec-
tion below. Based on the collected data, a sequence-to-
sequence regression model was intended to be devel-
oped. Consequently, long short-term memory (LSTM) 
type networks were chosen as these were developed to 
map an input sequence to a continuous-valued output 
sequence of possibly varying length [9]. The prediction 
capability of this kind of models was proven for similar 
modelling problems such as forecasting exact numerical 
values via signal processing [10] or for multi-step time 
series predictions [11]. The LSTM models were devel-
oped as single-output models in the sense that the se-
quences of only one of the two output features are pre-
dicted based on the input feature sequences. Thus, an 
LSTM model was developed for the prediction of each 
output feature as single output models were shown to 
outperform multiple output models [4]. The LSTM models 
were developed by utilizing 85% (i.e., 100 sequences) of 
the generated dataset for training, while the remaining 
15% was equally divided between validation and testing.  

Dynamic optimization 

The optimization of the dynamic downstream pro-
cess focuses on two aspects of great importance: the en-
ergy efficiency and the economic viability. In terms of en-
ergy efficiency, both the electric and thermal energy ne-
cessities were taken into consideration and expressed in 
equivalents of thermal energy. Equation 1 shows how this 
objective was calculated in kWhthermal unit. 

𝑜𝑜𝑜𝑜𝑜𝑜1 = 𝑟𝑟𝑟𝑟𝑟𝑟�1 + 𝑟𝑟𝑟𝑟𝑟𝑟�2 + 2.5 ∙ (𝑏𝑏𝑏𝑏����1 + 𝑏𝑏𝑏𝑏����2) (1) 

where, rebC1 and rebC2 represent the reboiler duties of 
columns C1 and C2, while bpCOMP1 and bpCOMP2 refer to the 
brake power of compressors COMP1 and COMP2, and 
2.5 was the primary energy factor utilized to convert 
electric energy to thermal energy equivalents. 

In case of the second objective, the economic ben-
efit of the studied downstream process (alcohol line) was 
evaluated. This gain was expressed as the difference be-
tween the value of produced outputs and operational ex-
penses strictly regarding the operation of the process 
line calculated in € and shown in Equation 2. However, 
the products have to meet the commercial standards, i.e., 
BHMF > 97 wt%, PEA > 99 wt% and BHMFTemp < 120 °C. 
In case these constrains are violated, the calculation of 
the objective was penalized by considering that the value 
of the product is zero in that timeframe. 

𝑜𝑜𝑜𝑜𝑜𝑜2 = 10 ∙ 𝑓𝑓𝑓𝑓���� + 3 ∙ 𝑓𝑓𝑓𝑓��� − 0.1902 ∙ (𝑏𝑏𝑏𝑏����1 +
𝑏𝑏𝑏𝑏����2)− 25 ∙ (𝑠𝑠𝑠𝑠�1 + 𝑠𝑠𝑠𝑠�2)    (2) 

 
Figure 1. Schematic of product separation and purification processes and their control structures implemented in 
the Aspen Plus and Aspen Plus Dynamics simulation software. 
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where, fmBHMF is the mass flowrate of BHMF with a value 
of 10 €/kg, fmPEA is the mass flowrate of PEA with a value 
of 3 €/kg, 0.1902 is the EU average price of electricity in 
the first half of 2025 [12], stC1 and stC2 are the steam ne-
cessities for the reboilers of columns C1 and C2 ex-
pressed in GJ/h with a true cost of 25 €/GJ. 

RESULTS AND DISCUSSION 

LSTM model results 
Several deep neural network architectures were 

studied; however, the best results were obtained in case 
of both objectives with the LSTM model containing a lstm 
layer, followed by fully connected and dropout layers two 
times. The networks were trained with normalized input 
and output features and the adaptive moment estimation 
training algorithm was employed. The best performing 
models were selected based on their adjusted coefficient 
of determination (R2), root mean square error (RMSE) and 
mean absolute percentage error (MAPE). The values ob-
tained in case of the best models for each output feature 
are summarized in Table 1, demonstrating the satisfac-
tory generalization capabilities of the surrogate-models. 

It can be observed that both developed LSTM mod-
els maintain the evaluation criteria values obtained at 
training even in case of a previously unseen dataset, i.e., 
at testing. In terms of precision, the first objective can be 
forecast at a higher precision based on the presented re-
sults. This can be attributed to a smaller variation of the 
objective throughout the simulated scenarios. In order to 
better illustrate the capabilities of the developed models, 
the linear regression between the modeled and targeted 
variables are presented in Figure 2 for both output fea-
tures, in case of both training and testing datasets. 

Optimization results 
The two LSTM models were utilized in optimization 

concerning a new scenario of step changes for the inflow 
parameters. Conversely to the previous scenarios, all 
four parameters were subjected to a step change in this 
case. The final values for these parameters were chosen 
to be different from those that appear in the generated 
dataset. The parameter changes applied were of -7.5% 
for mass flowrate, -4.5 °C for temperature, -5% and -7% 
for the PEA and BHMF mass fractions, respectively. The 
operational parameters were chosen as the decision 

variables, as such the optimal value of the three setpoints 
was searched for. As the two objectives are in trade-off, 
due to the fact that at lower energy input the product pu-
rity constraints are violated, a multi-objective optimiza-
tion was performed. 

The multi-objective optimization was performed in 
MATLAB with a genetic algorithm approach, a variant of 
the non-dominated sorting genetic algorithm II. In this 
manner, a set of noninferior solutions are found, called 
the Pareto front, considering the objective function de-
scribed in Equation 3. 

𝑚𝑚𝑚𝑚𝑚𝑚(𝑓𝑓���) = �
𝑜𝑜𝑜𝑜𝑜𝑜1
−𝑜𝑜𝑜𝑜𝑜𝑜2

    (3) 

The Pareto front presented in Figure 3 shows the 
best set of solutions found. The first objective is but 
slightly affected by the decision variables. These results 
suggest that the energy consumption of the studied 
downstream process line is defined almost entirely by the 
inflow parameters. At the same time, further reduction of 
the energy consumption results in the decrease of the 
process’ economic viability. This can be attributed to the 
reduction of the columns reboiler duties, which in turn im-
pact the product purity. At a certain point their reduction 
results in the violation of purity constraints, i.e., penalties 
for the second objective function.  

Assuming a decision-making process focused on 
the economic aspect of the downstream process of the 
alcohol products, the right-most solution (solution 11) 
was selected for validation on the dynamic model. Solu-
tion 11 was chosen as the economic gain is forecast to be 
best in this case, with a marginal increase in energy con-
sumption compared to the other solutions of the Pareto 
front. 

Firstly, the values of the investigated objectives 
were averaged over the studied period of time after the 
step change occurs. The utility of the developed LSTM 
models and optimization based on these models is evi-
denced, as the proposed solution 11 increases the eco-
nomic gain from 209.8 €/h to 250.2 €/h meaning a per-
centual improvement of more than 19%. As previously 
mentioned, the two objectives are in a trade-off, conse-
quently, the increase in economic viability comes at the 
cost of an increased energy consumption. However, the 
change in the first objective is barely above 1%, thus the 
chosen solution 11 stands firm considering the benefits 

Table 1. LSTM models evaluation criteria results calculated both on the training and testing datasets. 

Model Training Testing 
R RMSE MAPE (%) R RMSE MAPE (%) 

LSTM-obj       
LSTM-obj       

 



 

Mihály et al. / LAPSE:2026.0517 Syst Control Trans 5:2511-2517 (2026) 2515  

obtained in the economic aspect. 
Secondly, the dynamic simulation was studied in 

two segments for a better understanding of when and 
how the proposed solution outperforms the reference 
scenario. The two segments considered were: i) the first 
half of the simulation time after the step change occurs 
(i.e., the first 1.5 hours) when the majority of the dynamic 
behavior occurs; ii) the second half of the dynamic simu-
lation time when slight changes can occur, however, 
most of this timeframe can be considered steady-state. 
Based on the results presented in Table 2, the tested 

solution heavily outperforms the reference case in the 
first half of the studied scenario. The optimized control 
loop setpoints increase the economic gain by 58% at the 
cost of a 1% greater energy consumption. It is also im-
portant to note that the in case of solution 11, the overall 
and first half values of the objectives are very similar. As 
such, it is clear that the optimized setpoint values result 
in a smoother dynamic behavior. The large improvement 
in economic gain can be attributed to the objective pen-
alties as the reference case settings result in sub-stand-
ard product quality, whereas the settings of solution 11 

 

 
Figure 2. Regression of model and simulation results in case of: a) objective 1, training data; b) objective 1, testing 
data; c) objective 2, training data; d) objective 2, testing data 
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avoid any constraint violation. These results also imply 
that the reference case outperforms solution 11 in the 
second half of the dynamic simulation. In which case, the 
initial operational parameter settings outperform those of 
solution 11 after steady-state is achieved.  

 
Figure 3. Multi-objective optimization results (Pareto 
front) as the second objective (negative economic gain) 
in function of the first objective (energy consumption) 

The currently developed tools can address the 
above-mentioned limitation by performing the same op-
timization process for more sets of decision variables, 
e.g., one set for each half of the studied simulation 
timeframe. In this manner, the implementation would re-
semble that of a real-time optimization (RTO) layer with 
an optimization horizon of 1.5 hours. On the other hand, 
this integrated tool offers valuable information on the 
trade-off between process-wide performance criteria. 
Such an RTO layer would be able to take into account the 
dynamic behavior of the system, unlike classic RTO 
which rely on steady-state models. Another important 
aspect for the real-time implementations of the devel-
oped models is that the solutions presented in Figure 3 
were obtained in less than 3 minutes. In these conditions, 
a selected solution can be adopted at the same time as 
the changes occur if information is available from up-
stream and the hydraulic retention time is of at least 3 
minutes. However, even without such information an op-
timal solution can be adopted at the next point in time (as 
the frequency of the dataset is of 5 minutes), in which 
case the optimal solutions should be searched for start-
ing from t+1 timestep if the step changes occur at step t. 
Due to the promptness of the underlying models, the in-
tegrated tool shows possible applications in dynamic 
real-time optimization of process-wide criteria, a 

combination of RTO and model predictive control (MPC). 

CONCLUSIONS 
This study demonstrates the possible advantages 

and applications of the integrated surrogate model-
based multi-objective optimization of a biorefinery down-
stream process line. The studied tool can be utilized at a 
RTO hierarchy level with possible economic gain im-
provements of almost 20% at the cost of around 1% in-
crease in energy consumption, due to its dynamic mod-
elling capability. It shows even greater promise as a com-
plementary tool to existing RTOs, being responsible only 
for the optimization of dynamic transitions in case of in-
flow variations. In this type of application in the case 
study, the economic gain was increased by 58%, with a 
marginal growth of 1% of the energy consumption. The 
developed integrated tool can be considered as a first 
step in combining RTO and MPC for the real-time dy-
namic optimization of complex industrial systems. Ulti-
mately, the current study proposes a roadmap for ac-
tively taking advantage of inflow variations to optimize 
economic performance (with close to no compromise) in 
terms of energy efficiency, rather than simply surviving 
them. 
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