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ABSTRACT 
This work proposes a two-stage optimization framework for the optimal utilization of biogas from 
pig manure, integrating process-level design with short-term operational planning under dynamic 
electricity tariff schemes in Mexico. In the first stage, a multi-objective optimization based on 3E 
(Exergy, Environment, and Energy) analysis was performed. The results demonstrate that increas-
ing the biogas split fraction for upgrading significantly reduces the environmental and exergy in-
dices, enhancing thermodynamic and environmental performance without compromising the en-
ergy index. High upgrading flows (split > 0.7) emerged as the most favorable compromise across 
the evaluated metrics. In the second stage, support vector regression (SVR) surrogate models 
were developed to approximate nonlinear relationships between the operational split and process 
outputs. These surrogates were embedded in a Mixed-Integer Linear Programming (MILP) formu-
lation to optimize weekly scheduling under the Mexican Net Billing scheme, incorporating an eco-
nomic objective (+1E index). The SVR-MILP framework successfully captured market-driven deci-
sions, prioritizing biomethane upgrading during base and intermediate tariff periods and switching 
to electricity generation during peak hours to maximize economic profit. Biomethane upgrading 
accounts for approximately 90-100% of the total positive economic benefits, while electricity gen-
eration contributes the remaining 10%, depending on the exposure to peak electricity tariffs. Thus, 
the proposed methodology offers a robust, computationally efficient decision-support tool for 
flexible biogas systems, bridging the gap between steady-state design and dynamic market re-
sponsiveness based on a 4E approach. 

Keywords: Biogas upgrading , Power generation, Simulation-optimization , 4E analysis, Planning & scheduling.  

INTRODUCTION  
Population growth drives a substantial increase in 

energy demand, directing development plans toward en-
ergy security, environmental impact management, and 
economic growth. Accordingly, international treaties like 
the 2030 Agenda for Sustainable Development and the 
Kyoto Protocol emphasize the transition to renewable 
energy and the reduction of greenhouse gas emissions 
[1].  

Livestock farming represents a key opportunity for 
waste valorization, particularly manure, which is rich in 
organic matter and nutrients. However, improper man-
agement significantly contributes to the global carbon 

footprint, water eutrophication, soil acidification, and air 
pollution [2]. 

Among livestock residues, pig manure is particularly 
suitable for on-site energy systems due to its high me-
thane yields, stable biogas production profiles, and or-
ganic fertilizer [3]. While currently regarded as a carbon-
neutral energy source, its valorization routes vary. Con-
ventional pathways, such as electricity generation using 
internal combustion engines or combined heat and power 
(CHP) systems, are mature but often exhibit limited effi-
ciencies. Conversely, upgrading biogas for transportation 
fuels, grid injection, as well as hybrid configurations, rep-
resents a more effective approach to harnessing its po-
tential [4-5]. 
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Although various biogas upgrading techniques exist 
(e.g., adsorption, membrane separation), absorption re-
mains the most prevalent in the chemical industry due to 
its high efficiency and low operating pressures. However, 
absorbent selection is a critical factor directly influencing 
process performance and operating costs [6]. In addition, 
process selection depends on methane concentration 
and plant requirements. For instance, when upgrading is 
not viable, integrating power generation systems, requir-
ing only the removal of corrosive contaminants such as 
hydrogen sulfide and siloxanes, is an alternative [7]. 
However, these valorization processes involve complex 
trade-offs between technical, economic, and environ-
mental factors. Therefore, a comprehensive evaluation 
using sustainability metrics, such as 4E analysis (Energy, 
Exergy, Economy, and Environment) within a dynamic 
system-level framework, is essential. 

Thus, the objective of this work is to design a biogas 
valorization system using agro-industrial residues, em-
ploying a multi-objective optimization framework based 
on 4E analysis. Additionally, this study integrates optimal 
planning and scheduling strategies for feedstock utiliza-
tion to maximize economic performance under dynamic 
electricity pricing schemes. 

CASE STUDY  
The biogas feed stream from anaerobic digestion 

has a mass composition of methane (0.599), carbon di-
oxide (0.399), siloxanes (0.001), and others (<0.0001), 
with a volumetric flow rate of 150 Nm3/h [8]. The pro-
posed utilization scheme integrates two alternative path-
ways, as illustrated in Figure 1. 

 
Figure 1. Process Flow Diagram for plant biogas 
utilization.  

The first (upper) pathway corresponds to a biogas 
upgrading process based on high-pressure water scrub-
bing (HPWS). This process relies on physical absorption 

and desorption principles to produce biomethane with 
high purity (P ≥ 97 %) and recovery (R ≥ 95 %). The bio-
gas is compressed using a gas compressor (GC-101), 
while water is pressurized by a pump (P-101); both 
streams are fed into an absorption packed column (C-
101) at 5 barg and 5 °C. The top stream consists of me-
thane-rich gas, which is first flashed (F-101), subse-
quently conditioned in a dehydration column (D-101), and 
further pressurized in a second compressor (GC-102) at 
250 barg for final utilization and transport. The bottom 
stream of C-101, containing water and absorbed gas im-
purities, is directed to a flash vessel (F-102) at 2 barg to 
recover residual methane, which is recycled back to the 
absorption column. The liquid phase from the flash vessel 
is sent to a desorption packed column (C-102) at atmos-
pheric pressure, where air supplied by a blower (B-101) 
strips the absorbed gases. The desorbed gases are re-
leased to the atmosphere through the top stream, while 
the regenerated water is recirculated to the absorption 
system (M-101 to P-101). The second pathway involves 
power generation through the combustion of cleaned bi-
ogas in a gas turbine to produce electricity for on-site 
consumption and grid injection. In this configuration, the 
biogas is first purified in activated carbon columns (FC-
201/202) and subsequently pressurized by a low-pres-
sure compressor (GC-201). The fuel is then fed into the 
power generation unit, which comprises an air supply 
system (M-201), a combustion chamber (PG-201), and a 
gas turbine (GC-202). The generated electricity is sup-
plied to the national grid, while the flue gases are dis-
charged into the atmosphere. 

Both processes were modeled and simulated in As-
pen Plus™, employing the NRTL thermodynamic model 
and the equation of state Redlich-Kwong to describe liq-
uid-vapor equilibria and incorporating Henry’s law to ac-
curately predict gas solubility in the absorption and de-
sorption units. 

METHODOLOGY  
Two optimization stages were considered in the 

proposed methodology, which are described as follows: 

First stage: Process optimization 
The first stage of this methodology consists of opti-

mizing the process operating conditions, and the multi-
objective optimization problem is formulated as follows 
(Equation 1): 

 𝑀𝑀𝑀𝑀𝑀𝑀 
𝑥𝑥

 𝑍𝑍 = � 𝑍𝑍��𝑥𝑥�� 𝑖𝑖 = 1, … , 𝑗𝑗.  

  𝑠𝑠. 𝑡𝑡.ℎ�𝑥𝑥� = 0; 𝑔𝑔�𝑥𝑥� ≤ 0    (1) 

where 𝑍𝑍 represents a vector containing 𝑗𝑗 objective 
functions, and �𝑥𝑥� denotes the vector of decision varia-
bles. Furthermore, 𝒉𝒉�𝑥𝑥� and 𝒈𝒈�𝑥𝑥� represent the vectors for 
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equality and inequality constraints associated with the 
decision variables.  

The selected objective functions were energetic, 
exergetic, and environmental indicators, which are used 
to identify optimal scenarios for on-site biogas utilization. 
The decision variables included water feed flow rate 
(𝐹𝐹�2�), air feed flow rate (𝐹𝐹���), and combustion air feed 
flow rate (𝐹𝐹����). Additionally, inequality constraints were 
defined for the purity (P) and recovery (R) of biomethane 
and process water (𝑃𝑃��4 ≥ 0.97,𝑃𝑃�2� ≥ 0.99,𝑅𝑅��4 ≥
0.95,𝑅𝑅�2� ≥ 0.99), with all values expressed as mass frac-
tions.  

Energy  
In this work, the energy intensity (EI) index was 

used, defined as the ratio of electrical energy consump-
tion to the product mass flow rate, expressed in kWh/kg 
(Equation 2). This indicator enables the assessment of 
the energy penalty associated with biogas upgrading and 
power generation. 

𝐸𝐸𝐸𝐸�kWh

��
� = ������ �����������

������� ���� ����
   (2) 

Exergy 
Exergy represents a metric of the quantity and qual-

ity of energy. The exergy losses (𝜎𝜎𝑇𝑇0) were quantified as 
an indicator of system irreversibility; lower values indi-
cate improved thermodynamic performance and a more 
efficient plant.  

To determine the exergy loss, the difference be-
tween the physical exergy of the inlet streams [𝛥𝛥𝐸𝐸̇𝑥𝑥��,�] 
and outlet streams [𝛥𝛥𝐸𝐸̇𝑥𝑥���,�] was considered, in addition 
to the exergy destroyed by heat generation [𝐸𝐸̇𝑥𝑥�,�] and 
work [𝑊̇𝑊�], where 𝑗𝑗 represents each process equipment 
within the plant (Equation 3). 

𝜎𝜎𝑇𝑇0[kW] = 𝛥𝛥𝐸𝐸̇𝑥𝑥��,� − 𝛥𝛥𝐸𝐸̇𝑥𝑥���,� + 𝐸𝐸̇𝑥𝑥�,� − 𝑊̇𝑊�   (3) 

Environment  

The objective function associated with the environ-
ment integrates Life Cycle Assessment (LCA), allowing 
the calculation of environmental impacts associated with 
the construction and operation of the biogas utilization 
plant. LCA is a methodology established in the ISO 14040 
standard and is typically applied in four stages: 

1. Goal and scope definition: Minimization of the envi-
ronmental impact for biomethane and energy produc-
tion, where the Eco-indicator 99 (EI-99) methodology 
was integrated as the appropriate tool for the LCA. 

2. Inventory analysis: This step considers the inputs 
and outputs of matter and energy, construction ma-
terials, and the consumption of auxiliary services as-
sociated with the process, where all loads must be ex-
pressed per reference unit (Life Cycle Inventory, LCI). 

3. Environmental impact assessment: In this step, pro-
cess data are translated into environmental impact in-
formation; Equation 4 represents the Eco-indicator 99 
calculation. Where 𝛽𝛽 represents the total amount of 
chemical substance 𝑏𝑏 released per unit of reference 
flow via direct emissions, 𝛼𝛼 represents the damage 
caused in each category 𝑘𝑘 per unit of chemical sub-
stance 𝑏𝑏 released into the environment, 𝜔𝜔 is the 
weighting factor for damage in category 𝑑𝑑, and 𝛿𝛿 is 
the normalization factor for damage categories. 

4. Interpretation: The results are analyzed, and conclu-
sions and recommendations for the system are gen-
erated. 

𝐸𝐸𝐸𝐸‐ 99 �mPt
����

� = ∑ ∑ ∑ 𝛼𝛼�,�𝛽𝛽�𝛿𝛿�𝜔𝜔����   (4) 

The Eco-indicator 99 (EI-99) method was selected 
due to its suitability for comparing environmental trade-
offs in energy and process systems at an early design 
stage [10].  

To perform the optimization, a computational inter-
face COM was implemented using Aspen Plus™ and 
Matlab™, allowing automated simulation-optimization us-
ing a multi-objective genetic algorithm based on NSGA-II 
(gamultiobj). The optimization hyperparameters included 
100 generations, 100 individuals, and a crossover fraction 
of 0.8. Eleven optimization scenarios were evaluated, 
varying the split fraction (s) of biogas flow rate destined 
to each process from 0.00 to 1.00 with increments of 0.1. 

To identify the best solution within the optimal set, 
a global criterion decision-making method was em-
ployed. This approach identifies the point on the Pareto 
front that minimizes the sum of the normalized deviations 
from the ideal point (Equation 5) [11]. 

min  [𝑌𝑌 �]     

𝑌𝑌 � = ∑ ║
Φ�,�−Φ�

���

Φ�
���−Φ�

���
�
i=1 ║   (5) 

where 𝑌𝑌� represents the normalized L1 distance of 
solution 𝑗𝑗 to the ideal point, Φ�,� notes the value of the 𝑖𝑖-
th objective function for the 𝑗𝑗-th optimal solution, Φ���� 
and Φ���� correspond to the maximum and minimum val-
ues achieved by each objective function within the Pa-
reto set, and 𝑛𝑛 represents the number of objective func-
tions (3). 

Second stage: Optimal biogas planning 
utilization  

The second stage focused on planning and sched-
uling optimization under economic performance metrics. 
Using the dataset generated in the first stage, a surro-
gate model was implemented using support vector re-
gression (SVR), enabling the approximation of the pro-
cess behavior over the evaluated operating range. 
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Particularly, SVR was selected due to its robustness un-
der limited training data, its ability to capture nonlinear 
trends, and its smooth extrapolation behavior within the 
training domain, making it suitable for embedding within 
a mixed-integer linear programming (MILP) framework 
solved using Gurobi™ Optimizer, both implemented in Py-
thon™. 

 The MILP model was formulated to determine the 
optimal utilization of the biogas flow rate between up-
grading and power generation pathways. The objective 
function aimed to maximize economic profit under time-
of-use electricity pricing of Mexico’s Net Billing scheme 
(independent generation and consumption rates). Elec-
tricity prices were defined as follows: electricity con-
sumption (base: $ 0.066, intermediate: $ 0.109, and 
peak: $ 0.130 USD/kWh), electricity generation (base: $ 
0.029, intermediate: $ 0.053, and peak: $ 0.101 
USD/kWh) [9]. Additionally, a biomethane sales price of 
$ 1.73 USD/Nm3 was considered. 

Economy  
The economic performance of the system was as-

sessed through an economic index defined as the net 
economic profit [USD], accounting for revenues from bi-
omethane upgrading and electricity export, as well as 
costs associated with electricity consumption. Equation 
(6) presents the mathematical formulation of the eco-
nomic objective function as a function of electricity prices 
and operational decisions: 

𝑀𝑀𝑀𝑀𝑀𝑀 
𝑥𝑥

Z =  ∑ (𝑃𝑃��4𝑏𝑏𝑏𝑏� + 𝑝𝑝����𝐸𝐸���� − 𝑝𝑝�����𝐸𝐸����)Δ𝑡𝑡�∈�   (6) 

where 𝑏𝑏𝑏𝑏� denotes the biomethane production rate, 𝐸𝐸���� 
and 𝐸𝐸���� represent the exported and imported from the 
grid, at time interval (Δ𝑡𝑡), respectively, and 𝑃𝑃��4,𝑝𝑝����, and 
𝑝𝑝����� correspond to the biomethane selling price, elec-
tricity generation, and electricity consumption tariffs, re-
spectively. 

Table 1 summarizes the applicable electricity tariffs 
by day of the week and time of operation, which were 
explicitly integrated into the optimization framework. 

RESULTS 
Figure 2 shows the three-dimensional trade-off be-

tween energy intensity (EI), Eco-indicator 99 (EI-99), and 
exergy losses (𝜎𝜎𝑇𝑇0) for the evaluated scenarios, while Ta-
ble 2 summarizes the corresponding optimal values for 
each scenario. Distinct marker shapes were used to dif-
ferentiate the results of each optimization scenario. The 
dashed line represents the system trajectory. 

As the operational split increases from 0.0 to 1.0, a 
pronounced and non-linear reduction in EI-99 and 𝜎𝜎𝑇𝑇0 is 
observed. A higher biogas flow directed to upgrading re-
sults in a reduction in overall environmental impacts and 
a more thermodynamically efficient system without a 

significant penalty in the energy intensity index, in con-
trast to the electricity generation process. While the tran-
sition from low to intermediate splits (0.0-0.7) shows 
substantial reductions in EI-99 and 𝜎𝜎𝑇𝑇0, the marginal ben-
efits diminish for higher split values (above 0.7). Conse-
quently, the region corresponding to high operational 
splits can be identified as the most attractive compro-
mise between the indicators reported for the system 
studied. 

Table 1: Electricity rates by day and hour. 

Day-tariff category 
 Base  Intermediate Peak 
Con-
sumption 

$  
USD/kWh 

$  
USD/kWh 

$  
USD/kWh 

Genera-
tion  

$  
USD/kWh 

$  
USD/kWh 

$  
USD/kWh 

Day-tariff periods 
 Base  Intermediate Peak 
Monday 
to Friday 

- 
 

- 
- 

-
 

Saturday  - 
 

- 
 

 

Sunday 
and Holi-
days 

-
 
-
 

-  

 
Figure 2. First stage optimization results. 

𝜎𝜎𝑇𝑇0 values exhibit a decrease of more than 98% 
when shifting from full electricity generation to upgrad-
ing, while EI-99 shows a similarly strong downward trend, 
decreasing by approximately 81%. In addition, the energy 
intensity index remains relatively stable for values above 
0.3 within a narrow range between 0.89 and 0.94 
kWh/kg. 
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Table 2: Optimal objective function values. 

Split 𝑬𝑬𝑬𝑬 �
𝐤𝐤𝐤𝐤𝐤𝐤
𝒌𝒌𝒌𝒌 � 𝑬𝑬𝑬𝑬‐ 𝟗𝟗𝟗𝟗 �

𝐦𝐦𝐦𝐦
𝒚𝒚𝒚𝒚𝒚𝒚𝒚𝒚� 

𝝈𝝈𝑻𝑻𝟎𝟎[𝐤𝐤𝐤𝐤] 

      
     
     
     
     
     
     
     
     
     
     

 
In the second stage of the proposed framework, the 

SVR allowed capturing nonlinear relationships between 
the operational decision variables and key process out-
puts, specifically, electricity generation and electricity 
consumption. This approach significantly reduces com-
putational effort compared to direct process simulation 
and optimization. The surrogate models exhibited high 
predictive performance for operational variables, objec-
tive function values, and operating conditions, with coef-
ficients of determination (R2) above 0.99 over the 

evaluated operating range (0≤Split≤ 1). Thus, the SVR-
based surrogate demonstrated stable behavior across 
the entire operational range, producing smooth and 
physically consistent values that enabled its direct em-
bedding into the MILP formulation.  

Figure 3 illustrates the optimal weekly operational 
schedule and the corresponding daily economic metrics 
obtained from the SVR-assisted MILP optimization under 
time-of-use electricity tariffs in Mexico. The upper panel 
represents the selected operational mode for each 30-
minute interval throughout the week, revealing a con-
sistent operational pattern during low-price periods 
(base and intermediate tariff), the system operates in up-
grading mode (s=1), prioritizing biomethane production. 
During peak tariff hours, the system consistently 
switches to power generation mode (s=0). In this time-
based context, electricity generation represents reve-
nues that exceed the benefits of upgrading and methane 
production. This confirms that the optimization frame-
work correctly captures the economic trade-off imposed 
by the time-varying electricity process and improves op-
erational decisions in the short-term market. 

The lower panel of Figure 3 represents the daily 
cash flow breakdown. Across all days, upgrading revenue 
represents the dominant contribution to total profit; 
therefore, biomethane upgrading remains the primary 

 
Figure 3. Weekly scheduling and daily profitability under time-of-use electricity rates. 



 

Ponce-Rocha et al. / LAPSE:2026.0493 Syst Control Trans 5:2327-2333 (2026) 2332  

economic driver of the system. Electricity generation pro-
vides an additional revenue income stream, mainly con-
centrated on days with extended peak tariff exposure; 
even then, the electricity consumption cost is higher than 
base and intermediate tariffs. Biomethane upgrading rep-
resents the dominant source of profit, accounting for 91 
% of the total positive cash flow from Monday to Friday 
and 100 % during the weekend. 

CONCLUSIONS  
This work proposed and validated a two-stage op-

timization framework for the sustainable valorization of 
biogas under 4E metrics, integrating process-level opti-
mization with operational planning and scheduling under 
dynamic electricity pricing schemes. 

In the first stage, a multi-objective optimization 
based on 3E analysis was implemented to evaluate alter-
native biogas utilization scenarios, revealing a strong 
trade-off between electricity generation and upgrading 
pathways. Increasing the split fraction toward upgrading 
led to a pronounced reduction in EI-99 and 𝜎𝜎𝑇𝑇0 indexes, 
representing a more thermodynamically efficient and en-
vironmentally friendly process. Consequently, a high bio-
gas flow rate to upgrading (split upper to 0.7) was iden-
tified as the most attractive compromise region. 

In the second stage, a surrogate-based optimization 
strategy using SVR and a MILP framework demonstrated 
that the optimal operation presents a clear operational 
pattern: biomethane upgrading is consistently favored 
during base and intermediate tariff periods (s=1), where 
stable biomethane revenues outweigh electricity-rated 
benefits, whereas power generation becomes economi-
cally attractive during peak tariff intervals (s=0), when 
electricity generation revenues compensate for the lower 
overall efficiency of this pathway. The resulting weekly 
schedule confirms that the proposed framework effec-
tively aligns short-term operational decisions with mar-
ket-driven price signals.  

From an economic perspective, biomethane up-
grading emerged as the dominant contributor to overall 
profitability throughout the week, while electricity gener-
ation served as a complementary revenue stream during 
high-price periods. Based on the optimal weekly sched-
ule obtained from the SVR-MILP framework, biomethane 
upgrading accounts for approximately 90-100 % of the 
total positive economic benefits, while electricity gener-
ation contributes the remaining 10 %, depending on the 
exposure to peak electricity tariffs. This highlights the im-
portance of hybrid utilization strategies, where flexibility 
in biogas allocation enables enhanced economic resili-
ence under variable energy markets. 
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