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A B S T R A C T

The growing request for multi-product and sustainable energy systems has highlighted the requirement for the 
effective use of renewable energy sources, such as biogas, in combined power plants (CPPs). The performance 
and sustainability of CPPs are limited by traditional power-generation techniques, which frequently concentrate 
on individual outputs or disregard the integration of thermo-enviro-economic goals. This study suggests a rev
olutionary biogas-fueled CPP that combines open and closed air Brayton cycles with a modified Kalina cycle, 
serving the purpose of waste heat recovery and thermal integration, to simultaneously provide power, cool, and 
heat. Having modeled and analyzed the proposed trigeneration setup, backed by life cycle assessment, an 
Adaptive Neuro-Fuzzy Inference System was used to support system performance prediction. A multi-objective 
optimization (MOO) using four metaheuristic algorithms was used to obtain the optimum operating condi
tions, and sensitivity analysis was used to measure the effect of the design variables. The total exergy destruction 
for the baseline condition was 5036 kW and the total energy and exergy efficiencies were 59.86% and 36.51%, 
correspondingly. Economic analysis showed a 16.67-year payback period and an energy cost of 0.1796 $/kWh. 
While retaining high efficiency (≈38.68%), four-objective optimization decreased economic and environmental 
effect (TPC ≈ 68 $/GJ, COE ≈ 0.138 $/kWh, SCE ≈ 0.206 kg/kWh). The findings show the potential of the CPP as 
a sustainable multi-product energy solution and provide practical tips for heat recovery, turbine optimization, 
and biogas management in real-world scenarios.
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Nomenclature

Symbol Description (units)
ANFIS Adaptive Neuro-Fuzzy Inference System
ARO Artificial Rabbits Optimization
CBC Closed Brayton Cycle
COE Cost Of Eenergy ($/kWh)
CO2 Carbon dioxide
CPP Combined Power Plant
E− 100, E− 101, E− 102, … Heat exchangers
EDEI Environmental Damage Effective Index
EEI Exergo-Environmental Index
EII Exergo-environmental Impact Improvement
ESF Exergetic Stability Factor
ESI Exergetic Sustainability Index
ĖxD Exergy destruction
ĖxF Fuel exergy
ĖxP Product exergy
GWO Grey Wolf Optimizer
GWP Global Warming Potential (kgCO2-eq/h)
IRR Internal Rate of Return
K-100, K-101 Compressors
LCA Life Cycle Assessment
ML Machine Learning
MAPE Mean Absolute Percentage Error
MAE Mean Absolute Error
MKC Modified Kalina Cycle
MOO Multi-Objective Optimization
ṁbiogas Biogas flow rate (kg/s)
NPV Net present value (M$)
NSGA-II Non-dominated Sorting Genetic Algorithm II
OBC Open Brayton Cycle
P Pressure (kPa)
Pin Inlet pressure (kPa)
Pout Outlet pressure (kPa)
PP Payback Period (years)
PSO Particle Swarm Optimization
P-100 Pumps
R2 Determination coefficient
RMSE Root Mean Square Error
SCE Specific CO2 Emission (kg/kWh)
T Temperature (◦C)
T-100, T-101 Turbines
TPC Cost of Total Product ($/GJ)
V-100, V-101 Vessels
VLV-100, VLV-101, … Valves
βi Ratio of exergy destruction
εi Exergy efficiency

1. Introduction

With the growth of global energy demand, and the demand to 
minimize environmental impacts, the search for sustainable and effec
tive energy systems has increased [1,2]. A renewable fuel mostly made 
from organic waste, such as agricultural residues and landfill material, 
biogas has a lot of potential to generate electricity while also solving 
waste management issues and lowering greenhouse gas emissions [3,4]. 
Traditional gas turbine power generation cycles in general are of low 
efficiency due to waste heat recovery efficiency, and they are widely 
used, such as Brayton cycles. This restriction may be avoided if advanced 
thermodynamic cycles like Kalina cycle are added which use low quality 
heat sources to increase the efficiency of energy conversion [5,6].

An integrated combined power plant (CPP) has been developed in 
order to maximize the energy usage, minimize the environmental 
impact and financial costs. Traditional power systems are usually run 
independently and are only concerned with the production of electricity. 
The traditional one size fits all approach does not consider the benefits of 
simultaneous generation of both electricity and heat and cooling 
(cogeneration). The higher overall efficiencies, and sustainable energy 
practices, can be realized by the use of biogas as a source of fuel [7,8].

But many obstacles must be overcome to make these types of inte
grated systems common-place. These are the variable supply of biogas, 
complex system design, and a sophisticated system control to handle the 

interaction of multiple cycles, all of which may compromise the stability 
of the set-up. To overcome these setbacks, novel engineering solutions 
and global performance assessments are needed to provide reliability 
and viability of integrated CPPs [8,9].

1.1. Related research

A variety of configurations of biogas-based power systems have been 
studied in recent times. A multi-generation framework using a biogas- 
assisted Brayton cycle to generate electricity, heat and cool was proposed 
by Zuo et al. [10]. All of this was integrated into their design, a supercritical 
carbon dioxide (CO2) cycle, humidification-dehumidification desalination, a 
steam methane reforming (SMR) gas turbine, and syngas–based methanol 
synthesis. The configuration involving thermodynamic, exergo-economic 
and environmental analysis indicated high efficiency and cost-effectiveness 
of the installation with 33.33 percent exergy efficiency, 13018 kW of elec
tricity, 2.52 kg/s of drinking water, 0.491 kg/s of methanol and payback 
period of 2.79 years, using multi-objective optimization (MOO). Similar to 
this, Firouzy et al. [11] created a biogas-fired SMR system for waste heat 
recovery that was connected to a supercritical CO2 Brayton cycle. This system 
produced 1.35 ton/hr and had remarkable energy and exergy efficiencies of 
84.96% and 59.89%, respectively. Thermodynamic analysis identified the 
combustion chamber as the major source of exergy destruction (over 64%), 
while parametric studies showed that increasing the steam-to-carbon ratio 
and reforming temperature enhances hydrogen output but reduces net 
power. Thus, the findings demonstrated the setup's ability for efficient, sus
tainable poly-generation using biogas. With an emphasis on thermodynamic, 
exergo-economic, and MOO analyses, Sadri Irani and Fattahi [12] investi
gated a combined Brayton-Kalina cycle with proton exchange membrane 
(PEM) hydrogen production unit. Results showed that the Brayton cycle 
accounted for the highest exergy destruction (58%) and investment cost, 
followed by the Kalina cycle (40%), while the PEM unit required only ~1% of 
costs. Optimization using non-dominated sorting genetic algorithm II 
(NSGA-II) improved total energy and exergy efficiencies by 6% and 3%, 
respectively, though with a 15% increase in investment cost. For waste heat 
recovery from a naval low-speed diesel engine, Feng et al. [6] suggested a 
combined supercritical CO2 Brayton-Kalina cycle. By efficiently using 
exhaust and bypass heat to generate electricity, the system reduced annual 
fuel consumption by 16.62% and the ship's energy efficiency design index by 
15.01%, according to thermodynamic and optimization calculations. 
Moreover, for providing decarbonized power, Ahmad and Aziz [13] pre
sented an integrated system that combines chemical looping hydrogen 
generation, ammonia synthesis, and an existing natural gas combined cycle 
(NGCC). External heat and dividing oxygen carriers were the two systems 
that were examined; the latter had cheaper levelized cost (0.108 USD/kWh) 
and greater efficiency (47.1% energy, 41.6% exergy). In addition to reducing 
CO2 emissions while preserving NGCC-equivalent NOx levels, the system 
allows H2–NH3 co-firing and exhibits the potential for negative emissions 
through CO2 sequestration.

Therefore, these investigations have proven the possibility of using 
more complicated thermodynamic cycles to improve the efficiency of 
biogas-based power systems. Nevertheless, to provide a comprehensive 
evaluation of system performance, thorough analyses that take into 
account energy and exergy efficiencies as well as economic and envi
ronmental effects are still required.

Moreover, sophisticated modelling tools have recently emerged as a 
key enabler for optimizing complex thermal energy systems. For 
instance, Shuqi et al. [14] achieved a 46% performance enhancement in 
microchannel heat sinks by identifying optimal geometric baffle pa
rameters through accurate artificial neural network (ANN)-based pre
dictive modeling. For enhancing the operational efficiency of integrated 
power and heating setups, Wan et al. [15] introduced a sophisticated 
closed-loop framework integrating Temporal Convolutional Networks, 
attention mechanisms, and reinforcement learning, which demonstrated 
superior accuracy in multi-unit load allocation and significant re
ductions in carbon emissions. Cheng et al. [16] showcased the potential 

Z. Shuqi et al.                                                                                                                                                                                                                                   Biomass and Bioenergy 215 (2026) 109626 

2 



of multi-layer perceptron (MLP) models in uncovering critical geometric 
dependencies to achieve massive performance gains in fluid-flow com
ponents. Together, these studies underscore how sophisticated predic
tive and prescriptive models are taking the place of conventional 
numerical methods in engineering design and operational efficiency.

1.2. Gaps, novelty, and contributions

Although the technology for biogas power generation has progressed 
a long way, there are still many questions left unanswered. Most past 
research has dealt with a single discrete element such as thermodynamic 
efficiency or economic performance, and not provided an integrated 
model that addresses energy, exergy, environmental and economic 
considerations. In addition, there is inadequate research on the control 
of entropy generation and exergy destruction by system configurations. 
The impact of crucial operating parameters, especially turbine inlet 
temperature, on the overall sustainability and performance of such 
systems is another neglected area. Furthermore, not much work has 
been done to use sophisticated computational techniques like machine 
learning (ML) to forecast system behavior and assist in performance 
optimization in a variety of scenarios [17,18].

In the present research, a modified Kalina cycle fueled by biogas is 
combined with an open-closed air Brayton cycle to create a novel CPP 
structure. Thus, the integration of an open-closed air Brayton cycle with 
a modified biogas-fueled Kalina cycle is what makes this study novel and 
includes multiple significant contributions. By using air as the working 
fluid, both open and closed Brayton cycles is used simultaneously to 
increase efficiency and lessen their negative effects on the environment. 
The modified Kalina cycle efficiently uses the waste heat from the closed 
Brayton cycle through thermal coupling to produce more electricity and 

cooling. A comprehensive thermo-enviro-economic report, supported by 
a life cycle assessment (LCA), provides the global performance of the 
entire system in terms of implementation. Parametric study underlines 
further the sustainability of energy generation potential of the system, as 
optimization of design variables is fundamental to higher efficiency and 
reduced exergy destruction, economic and environmental effects. Also, a 
complex ML model is utilized to predict meaningful parameters of the 
system, developing a better concept of the working and making effective 
decisions. Additionally, MOO methods are also used to create a balance 
between efficiency, cost, and environmental impact to achieve the 
optimal system design. Finally, a sensitivity analysis based on SHAP is 
also included in order to quantify the relative importance of the key 
decision variables and thus understand the relationships between vari
ables and their effects on the efficiency, economic, and environmental 
outcomes.

Overall, this combined strategy, being able to minimize CO2 emis
sions, raise efficiency of resources, and promote the adoption of 
renewable biogas-based systems, does not only maximize the use of 
energy but also facilitates sustainable and financially viable energy 
culture.

2. Methodology

Fig. 1 shows the overall modeling framework of the present project. 
The methodological framework for the current study is organized into 
three main integrated stages for assessing and optimizing the proposed 
biogas-fired CPP. First, the thermodynamic model is defined by inte
grating the open Brayton cycle, the modified Kalina cycle, and the closed 
Brayton cycle, where mass and energy balance equations—constrained 
by the system's operational boundaries—establish the core simulation 

Fig. 1. Modeling flowchart of the newly presented biogas-fired CPP.
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environment. Second, the performance is evaluated through a compre
hensive multi-criteria approach, incorporating energy-exergy analysis, 
thermo-economic assessment, and environmental investigation, all of 
which are validated against established literature to ensure model ac
curacy. Finally, a parametric study is conducted to identify key design 
variables, followed by the deployment of an ML-based surrogate model 
(employing ANFIS) to facilitate MOO applying the Artificial Rabbits 
Optimization (ARO) algorithm. To ensure robust decision-making and 
interpretability, the Pareto frontiers are analyzed using the LINMAP 
method [19], and SHAP-based sensitivity and feature-importance ana
lyses are applied to rigorously quantify the influence of design param
eters on thermo-enviro-economic system-performance metrics.

2.1. Characterization of the CPP

The integrated biogas-fueled energy plant presented in this study can 
generate electricity, chilled water and hot water. The proposed setup is 
innovative by two important features; i.e. 

1. Increased waste heat recovery by thermal linking of an optimized 
Kalina cycle with a closed Brayton cycle.

2. Applying both dual (closed and open) Brayton cycles, with air as the 
working fluid.

The open Brayton cycle utilizes a gas turbine for producing elec
tricity by burning biogas from landfills with air. The closed Brayton 
cycle is then powered by the hot flue gases, and any remaining energy is 
recovered in a boiler to provide hot water. The waste heat from the 
closed Brayton cycle is moved to the modified Kalina subsystem in order 
to maximize energy use and further increase system efficiency. This 
cycle efficiently eliminates the requirement for a separate refrigeration 

cycle by generating cooling energy through an enrichment–evaporation 
process and extra electricity through an expansion turbine.

The proposed CPP will bring a number of benefits. 

• Less dependence on fossil fuels by using renewable biogas
• Ability to provide several products (electricity, heat, cooling) to in

dustry and households
• Mitigation of methane and CO2 emissions through biogas utilization.

But there are some plant-specific issues to consider. 

• Advanced control strategies are needed to achieve a high level of 
thermal integration and maintain stable operation in dynamic 
conditions.

• Continuous and reliable biogas supply is essential to maintain system 
performance.

Generally, the plant is more energy efficient than conventional 
single-purpose facilities as it creates three valuable products – elec
tricity, cooling, and heating. Entropy formation is declined and total 
energy efficiency is raised by utilizing waste heat at several stages. The 
boiler is used to provide heating and the Kalina subsystem is used to 
provide cooling. It generates electricity from three major subsystems; 
open Brayton cycle, closed Brayton cycle and enhanced Kalina cycle. 
Most importantly, due to its ease of availability, lack of toxicity and 
operational experience, air is employed as the working fluid in both 
Brayton cycles.

The process flow diagram of the studied CPP, which is intended to 
produce electricity, cold water, and hot water all at once, is illustrated in 
Fig. 2. The combustion air (stream 2) is compressed in a compressor K- 
100 and subsequently is heated in a heat exchanger. After expanding via 

Fig. 2. Process flow diagram of the newly studied biogas-fueled CPP employing open-closed air Brayton cycle configuration.
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turbine T-100, the compressed air enters the burner and is combined 
with biogas fuel (stream 1). The energy released by the fuel's combustion 
is transmitted through the flue gas (stream 6) and two heat exchangers, 
E− 100 and E− 101, where it warms the working fluid in the closed 
Brayton cycle.

Significant thermal energy is still present in the flue gas after E− 101, 
and this energy is used in the boiler E− 102 to produce a hot water 
stream. Compressed air leaving compressor K-101 (stream 10) is heated 
in E− 101 before expanding in turbine T-101 to generate electricity 
within the closed Brayton cycle. The high-temperature hot air from the 
T-101 enters E− 103 and then the vapor generator of the modified Kalina 
cycle. This step not only gives heat to Kalina cycle, but also decreases the 
air temperature in K-101 before it is recompressed.

The working fluid of the Kalina cycle is water-ammonia. In E− 103, 
the fluid absorbs heat at high pressure, which causes vaporization. 
Additional power is produced as the vapor expands through turbine T- 
102. The two-phase mixture that results from expansion-induced partial 
condensation is separated in vessel V-100. While the liquid fraction is 
sent to the mixer after going through the expansion valve VLV-100, the 
vapor fraction (stream 19) is partially condensed in E− 104. The liquid 
fraction is sent to the mixer via expansion valve VLV-102, while the 
outlet stream from E− 104 goes through additional phase separation in 
V-101, creating an ammonia-rich vapor (stream 24) that condenses in 
E− 105.

Through the Joule-Thomson valve VLV-101, the condensed refrig
erant from E− 105 is expanded and sent to the low-temperature evapo
rator E− 106, which produces chilled water (stream 32). After passing 
through the evaporator, the refrigerant enters the mixer and mixes with 
the other liquid streams. The cycle is completed when the final mixture 
is recycled to E− 103 after being fully condensed in E− 107 and pres
surized by pump P-100.

2.2. Simulation of the CPP

The Aspen HYSYS simulation platform was used to model the pro
posed biogas-powered CPP, encompassing the water boiler, modified 
Kalina, open Brayton, and closed Brayton cycles. The Peng-Robinson 
equation of state (EOS) was selected as the thermodynamic property 
package to ensure accurate phase behavior and energy balance calcu
lations, as it is well-validated for hydrocarbon-based power systems and 

complex petrochemical cycles [20–24]. The combustion chamber model 
used was a Gibbs reactor model, which is used to find the equilibrium 
composition of the products by minimizing the total Gibbs free energy of 
the system [25]. This approach allows for the simulation of conversion 
without requiring predefined stoichiometric reaction pathways.

The combustion air and biogas feed stream was calculated in Aspen 
HYSYS when inlet conditions (temperature, pressure, flow rate and 
composition) were provided [26]. Following that, equipment data was 
added to the simulation in accordance with the specifications compiled 
in Table 1, guaranteeing that each unit operation was correctly defined 
and arranged in a sequential manner. The flowsheet was able to 
converge, balancing the degrees of freedom, so the software could solve 
the coupled mass and energy equations. Also, the simulation results 
were checked and validated with the result available in the literature for 
the development of the model to check the accuracy of the developed 
model.

The basic assumptions used in the simulation are also listed as 
follows. 

• The system operates under steady-state conditions [30].
• The efficiencies of turbines, pumps, and compressors are fixed at 

0.85 [30].
• Heat losses to the surroundings are considered negligible [31].
• The working fluid of the Kalina cycle is a water-ammonia mixture 

[32].
• The enthalpy of inlet and outlet streams across the expansion valves 

is assumed equal [33].
• Potential and kinetic exergy variations are neglected [34].

2.3. Process analysis of the CPP

2.3.1. Energy-exergy performance analysis approach
First-law (energy) investigation measures quantity of energy in a 

system and determines how efficient each part and the plant as a whole 
are. This method is constrained, though, as it solely takes into account 
the amount of energy, ignoring the quality of energy flows or the 
maximum amount of useful work that can be extracted. To overcome 
this limitation a second-law (exergy) analysis is employed to consider 
energy quality and to highlight areas for improvement [35].

The fundamental energy balance for any system component is 
expressed as [36]: 

Q̇ − Ẇ=
∑

(ṁh)i −
∑

(ṁh)o (1) 

where Ẇ and Q̇ represent the power and heat rates, respectively, h is the 
specific enthalpy, ṁ is the mass flow rate, and the subscripts i and o 
denote inlet and outlet streams.

By taking into consideration the useful work potential of energy 
streams, exergy analysis broadens this viewpoint. The sum of the 
physical, chemical, kinetic, and potential exergies is the total exergy of 
the j-th stream [37]: 

exj = exph
j + exch

j + exkn
j + expt

j (2) 

Only physical and chemical exergy were taken into consideration in 
this study because kinetic and potential contributions were disregarded 
[38]. They are stated as [37,39,40]: 

exph
j =

(
hj − h0

)
− T0 ×

(
sj − s0

)
(3) 

exch
j =

∑
xjex0

j + G −
∑

xjGj (4) 

Here, s0 and h0 are the entropy and enthalpy at reference conditions 
(ambient temperature and pressure), sj and hj are the values at operating 
conditions, xj is the mole fraction, ex0

j is the standard chemical exergy, 
and G and Gj represent the Gibbs free energy of the mixture and 

Table 1 
Input equipment data specifications for the newly proposed biogas-powered CPP 
[26–29].

Power Value

Fuel rate (kg/s) 1.0
Air to burner (kg/s) 3.77
K-100 outlet pressure (kPa) 800
Stream 4 temperature (◦C) 1200
T-100 outlet pressure (kPa) 101.3
T-101 outlet pressure (kPa) 101.3
T-101 inlet pressure (kPa) 900
K-101 outlet pressure (kPa) 900
Stream 15 temperature (◦C) 40
Stream 10 temperature (◦C) 600
T-102 outlet pressure (kPa) 1050
T-102 inlet pressure (kPa) 4000
Stream 23 temperature (◦C) 90
Stream 26 temperature (◦C) 26
Stream 31 temperature (◦C) 12
VLV-101 outlet pressure (kPa) 355
Hot water temperature (◦C) 80
Chilled water temperature (◦C) 9
Dead state pressure (kPa) 101.3
Dead state temperature (◦C) 25
Biogas composition (%) 35% methane (CH4), 50% CO2, 15% N2

Turbine isentropic efficiency (%) 90
Compressor isentropic efficiency (%) 90
Pump adiabatic efficiency (%) 75
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component, respectively.

The exergy balance for each system component is determined as Eq. 
(5), in which ĖxF is the fuel exergy input, ĖxD the destroyed exergy, and 
ĖxP is the useful product exergy [41,42]. 

ĖxF = ĖxD + ĖxP (5) 

Based on this balance, two key performance parameters are defined 
[41,43,44]: 

εi =1 −
ĖxD,i

ĖxF,i
(6) 

Table 2 
Energy balance and exergy destruction equations for individual component of 
the newly proposed CPP process.

Components Energy Exergy

K-100 ṁ2h2 + Ẇ = ṁ3h3 Ė2 + Ẇ − Ė3

K-101 ṁ15h15 + Ẇ = ṁ16h16 Ė15 + Ẇ − Ė16

E− 100 ṁ3h3 + ṁ6h6 = ṁ4h4 + ṁ7h7 Ė3 + Ė6 − Ė4 − Ė7

E− 101 ṁ7h7 + ṁ9h9 = ṁ8h8 + ṁ10h10 Ė7 + Ė9 − Ė8 − Ė10

E− 102 ṁ12h12 + ṁ8h8 = ṁ11h11 + ṁ13h13 Ė12 + Ė8 − Ė11 − Ė13

E− 103 ṁ14h14 + ṁ17h17 = ṁ15h15 + ṁ18h18 Ė14 + Ė17 − Ė15 − Ė18

E− 104 ṁ19h19 = Q̇+ ṁ23h23 Ė19 − Ė23

E− 105 ṁ24h24 = Q̇+ ṁ26h26 Ė24 − Ė26

E− 106 ṁ27h27 + ṁ30h30 = ṁ32h32 + ṁ31h31 Ė27 + Ė30 − Ė32 − Ė31

E− 107 ṁ33h33 = Q̇+ ṁ34h34 Ė33 − Ė34

T-100 ṁ4h4 = Ẇ+ ṁ5h5 Ė4 − Ẇ − Ė5

T-101 ṁ10h10 = Ẇ+ ṁ14h14 Ė10 − Ẇ − Ė14

T-102 ṁ18h18 = Ẇ+ ṁ21h21 Ė18 − Ẇ − Ė21

V-100 ṁ21h21 = ṁ19h19 + ṁ20h20 Ė21 − Ė19 − Ė20

V-101 ṁ23h23 = ṁ24h24 + ṁ25h25 Ė23 − Ė24 − Ė25

VLV-100 ṁ20h20 = ṁ22h22 Ė20 − Ė22

VLV-101 ṁ26h26 = ṁ27h27 Ė26 − Ė27

VLV-102 ṁ25h25 = ṁ28h28 Ė25 − Ė28

Burner ṁ1h1 + ṁ5h5 = ṁ6h6 Ė1 + Ė5 − Ė6

Table 3 
Parameter values required for economic evaluation.

Parameters Value Ref.

Working hours (H) 8000 h [52]
System life time (L) 25 years [53]
Interest rate (Ir) 5 % [54]
CEPCI for 2024 800.3 [13]
Cost of CO2 (CCO2,f ) 87 ($/ton) [48]
Cost of biogas (Cbio,f ) 2 ($/GJ) [55]
Cost of power (Cpower) 0.3 ($/kWh) [55]
Cost of heating (Cheating) 0.02 ($/kWh) [56]
Cost of cooling (Ccooling) 0.08 ($/kWh) [57]

Table 4 
Cost functions utilized for estimating each equipment cost in the new CPP 
process.

Cost function Component Ref. Base 
year

CEPCI 
(2024)

6000× Ẇ0.7
T

Turbine [58] 2013 567

3540× Ẇ0.71
p

Pump [59] 2011 586

516.62× A0.6 Exchanger [60] 2001 394
46.08 × ṁin

0.995 −
po
pi

×
(
1 +

e0.018T6 − 26.4)

Combustion 
chamber

[48] 2001 394

91562×

(
Ẇ

445

)0.6 Compressor [61] 2003 402

Table 5 
ANFIS model structure and hyperparameter settings.

Parameters Value/Description

Fuzzy structure Sugeno type
Initial FIS for training Genfis2
Membership function type Dsigmf
Cluster center range of influence 0.45
Number of input 5
Number of output 13
Number of fuzzy rules 10
Optimization method Hybrid

Table 6 
System design parameter boundaries for the MOO study.

Design parameter Lower bound Upper bound

ṁbiogas (kg/s) 0.5 2.5
Tin T− 100 (◦C) 1200 1600
PCBC feed (kPa) 900 1200
PMKC feed (kPa) 2000 5000
Pout k− 100 (kPa) 300 800

Fig. 3. Flowchart of the ARO algorithm workflow [70].
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βi =
ĖxD,i

∑
ĖxD,i

(7) 

where εi presents the exergy efficiency and βi the exergy destruction 
ratio for the i-th component. Table 2 presents the component-specific 
energy conservation and exergy destruction equations.

Additionally, the associated energy and exergy inputs are computed 
as follows since biogas serves as the system fuel [45]: 

Table 7 
Selected values for hyperparameters of each optimization 
algorithm.

Description Value

PSO

Particle number, Np 40
Maximum iteration 300
Archive number 20
Partition number 150
Weight factor 2.50
Learning parameters 0.90
Learning parameters 0.90
Total Function Evaluations 11000
Average Execution Time (s) ~135

GWO

Maximum iteration 300
q initial 2.00
r1 and r2 0.5
Total Function Evaluations 8000
Average Execution Time (s) ~105

NSGA-II

Population size 100
Number of generation 300
Crossover probability 0.85
Mutation probability 0.15
Total Function Evaluations 25000
Average Execution Time (s) ~290

ARO

Particle number, Np 300
Depth factor 55
Multiplier weight 0.25
Total Function Evaluations 9000
Average Execution Time (s) ~110

Fig. 4. Comparing OBC simulation results using biogas fuel between the pre
sent work and Ref. [74] at different turbine inlet temperatures.

Fig. 5. Comparing MKC simulation results between the present work 
and Ref. [75].

Fig. 6. Fuel and product exergy flow for the newly studied biogas- 
powered CPP.

Table 8 
Results of exergy analysis estimations for the individual equipment utilized in 
the proposed CPP process.

Component ĖxF ĖxP ĖxD εi βi

K-100 1011 956 55 94.55 1.09
E− 100 3327 2725 602 81.90 11.95
T-100 2431 2345 86 96.46 1.70
Burner 10768 8860 1908 82.28 37.88
E− 101 4135 3446 689 83.33 13.68
T-101 7834 7352 482 93.84 9.57
K-101 5893 5595 298 94.94 5.91
E− 102 530 129 401 24.33 7.96
E− 103 1459 1316 143 90.19 2.83
T-102 459 423 36 92.15 0.71
V-100 931 931 0 99.99 0.00
VLV-100 16 14 2 87.50 0.03
E− 104 913 695 218 76.12 4.32
V-101 217 217 0 9.99 0.00
VLV-102 42 37 5 88.09 0.09
E− 105 176 155 21 88.06 0.416
VLV-101 144 140 4 97.22 0.07
E− 106 52 15 37 28.84 0.73
E− 107 117 70 47 59.82 0.93
P-100 12 10 2 83.33 0.03
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Q̇f = ṁf × LHVf (8) 

Ėxf = Ėxph
f + Ėxch

f (9) 

LHVf =Hprod − Hreactant (10) 

Biogas combustion generates electricity in the open Brayton cycle 
(OBC), and this cycle energy efficiency is described as follows: 

ηOBC =
ẆT100 − ẆK100

Q̇f
(11) 

The energy efficiency for the closed Brayton cycle (CBC), in which 
power generation is driven by recovered heat, is stated as follows: 

ηCBC =
ẆT101 − ẆK101

ṁ7(h7 − h8)
(12) 

In the boiler, the heating power (Q̇h) and exergy of the hot-water 
stream (Ėxh) are given by: 

Q̇h = ṁ8(h8 − h11) (13) 

Ėxh = Q̇h

(

1 −
T0

TH

)

(14) 

CBC waste heat powers the modified Kalina cycle (MKC), which 
produces electricity and cooling. The energy efficiency of this device is: 

ηMKC =
ẆT102 − ẆP100 + Q̇c

ṁ14(h14 − h15)
(15) 

The cooling power (Q̇c) and cooling exergy (Ėxc) are defined as: 

Q̇c = ṁ31(h31 − h27) (16) 

Ėxc = Q̇c

(
T0

TC
− 1

)

(17) 

Accordingly, the overall efficiencies of the integrated CPP are 
determined as: 

ηsys =
Ẇnet + Q̇c + Q̇h

Q̇f
(18) 

εsys =
Ẇnet + Ėxc + Ėxh

Ėxf
(19) 

Fig. 7. Exergy destruction breakdown by the employed subsystems and their 
relevant components.

Table 9 
Investment costs of individual CPP components adjusted for 2024 and corre
sponding cost rates.

Name Equipment cost 
($)

Equipment cost for 2024 
($)

Equipment cost rate 
($/h)

K-101 19771500 39361024 418.49
P-100 71200 97238 1.03
E− 106 24000 48749 0.52
E− 105 23900 48546 0.52
Burner 136889 278051 2.96
E− 100 36521 74182 0.79
T-102 313500 442494 4.70
E− 102 53300 108264 1.15
E− 101 56985 115749 1.23
E− 104 17600 35749 0.38
E− 103 914900 1858362 19.76
K-100 2847600 5668991 60.27
T-101 3052355 4308289 45.81
E− 107 84200 171029 1.82
T-100 1371675 1936070 20.58

Fig. 8. Breakdown of investment costs for the key components in the proposed CPP.
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ηelect =
Ẇnet

Q̇f
(20) 

where the net power output is: 

Ẇnet =
∑

ẆT −
∑

ẆK − ẆP (21) 

Lastly, the following formula is used to determine the proposed CPP's 
fuel saving potential (FSP) in comparison to a traditional separate pro
duction (SP) system (electricity from a turbine, hot water from a boiler, 
and cooling from an electric chiller) [46]: 

fuel saving potential=1 − Q̇new
f

/

Q̇SP
f

(22) 

The required fuel input in the reference SP system is estimated by 
Ref. [47]: 

Q̇SP
f =

Ẇnet

ηSP
elect

+
Q̇h

ηSP
boiler

+
Q̇c

ηSP
elect × COPsp

(23) 

Here, ηSP
elect, ηSP

boiler, and COPsp denote the electrical efficiency, boiler ef
ficiency, and coefficient of performance of the electric chiller, respec
tively, as reported in Ref. [47].

2.3.2. Thermo-economic performance analysis approach
In order to evaluate the proposed CPP structure's economic viability, 

the total cost rate (Ċtotal) was used as the main indicator. Three main 
components are taken into account by this parameter: The cost of biogas 
fuel (Ċbio), the penalty cost associated with carbon dioxide (CO2) emis
sions (Ċem), as well as the rate of capital investment and maintenance 
costs for each system component (ĊCI&M). The following is an expression 
of the governing relationship [48,49]: 

Fig. 9. NPV evaluations of power, heating, cooling, fuel, and interest rate over a 24-year period under varying price scenarios, PP, and IRR values.
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Ċtotal($ / h)= Ċem + Ċbio +
∑n

j=1
ĊCI&M (24) 

The individual cost terms are obtained using the following equations 
[48,50]: 

Ċem = ṁCO2 × CCO2,f (25) 

Ċbio = ṁCO2 × Cbio,f (26) 

ĊCI&M =
1.06 × Zj × CRF

H
(27) 

CRF=
Ir(1 + Ir)

L

(1 + Ir)
L
− 1

(28) 

Zk,Ref . =Zk,base ×
CEPCIk,Ref .

CEPCIk,base
(29) 

where CCO2,f shows the penalty cost factor of CO2 emissions, Cbio,f the 
biogas cost factor, H the annual operating hours, Zj the total investment 
cost of component j, as well as CRF presents capital recovery factor, Ir 
the interest rate, and L is the system lifetime.

Moreover, in order to ensure consistency with inflation-adjusted cost 
indices, the cost-scaling relation in Eq. (29) is frequently used to update 
capital costs of equipment from published data or vendor quotes in a 
given base year to a desired reference year. In this equation, Zk,Ref . de
notes updated cost of equipment k at the reference year, Zk,base base cost 
of equipment k at the base year. Plus, chemical engineering plant cost 
index value for the reference year is depicted by CEPCIk,Ref ., and for the 
base year is denoted by CEPCIk,base [51].

In addition, the values of the key economic parameters used for the 
analysis are summarized in Table 3. Meanwhile, Table 4 presents the 
cost functions employed to estimate the investment cost of each major 

equipment component in the proposed CPP, along with the base year 
and CEPCI values used for cost scaling.

In addition to cost rate analysis, several economic performance in
dicators were also evaluated: 

NPV = − TCI +
∑N

n=0
Y(1 + i)− n (30) 

TCI=
∑

Zj (31) 

Y =AI −
(
CO&M − Ċbio

)
(32) 

Here, net present value (NPV) assesses the project profitability by dis
counting cash flows, total capital investment (TCI) represents the total 
cost of purchasing and installing all system equipment, calculated as Eq. 
(31), Y is the annual net cash flow, given by Eq. (32), N shows the project 
lifetime in years, i is the discount rate, representing the time value of 
money, and n year of the project lifetime, ranging from 0 to N. Moreover, 
in Eq. (32), AI represents annual income from selling electricity, heat, 
and cooling, and CO&M operation and maintenance costs [55,62].

Payback period (PP) is the amount of time needed for the cumulative 
net cash flows to be greater than the sum of the net present values (NPV 
(n) > 0) [55]. 

PP=min{n : NPV(n)>0} (33) 

Internal rate of return (IRR) is the discount rate that makes NPV = 0, 
obtained from Eq. (34), in which net cash flow for year n is depicted by 
Cash flown [62,63]. 

0=NPV =
∑N

n=0

Cash flown

(1 + IRR)n (34) 

COE (cost of energy) is calculated based on Eq. (35), in which Ċtotal is 
the overall cost rate of the system, and En overall useful energy produced 
(net electricity, heating, and cooling) [57]. 

COE=
Ċtotal

∑
En × H

(35) 

Finally, the total product cost (cproduct) can be determined based on 
Eq. (36), in which the total energy outputs (net power, heating, and 
cooling) are regarded as [48]: 

Ċtotal ($ / h)= cproduct ($ /GJ) ×
(
Ẇnet + Ėheat + Ėcooling

)
(GJ / h) (36) 

2.3.3. Environmental performance analysis approach
There can still be CO2 emissions from combustion if biogas is used as 

a renewable energy source. Both net and total emissions are used to 
evaluate these emissions. While net emissions are calculated by 
deducting the CO2 in the fuel from total emissions, total emissions take 
into consideration both direct and indirect contributions [64]. 

COnet
2 = total emission − COused

2 (37) 

To measure the emissions per unit of useful energy produced, the 
specific CO2 emission (SCE) can be calculated using Eq. (38) after the net 
CO2 emission has been determined [65]: 

δCO2 =
net emission

Ẇnet + Q̇c + Q̇h + Ėxh
(38) 

Furthermore, the current system's emission reduction (EMR) in 
comparison to traditional systems with comparable output can be 
calculated as follows: 

EMR=
(
δCO2,i − δCO2

)
×
∑

useful energy (39) 

where δCO2,i represents the CO2 emission intensity of the reference sys
tem [65].

Table 10 
Comprehensive performance metrics of the proposed CPP setup.

Parameters Value

Net power out (kW) 3205
Heating power (kW) 1536
Cooling load (kW) 544
Biogas LHV (kJ/kg) 8829
System energy efficiency (%) 59.86
System exergy efficiency (%) 36.51
System electricity efficiency (%) 36.30
Fuel saving potential (%) 25.32
OBC energy efficiency (%) 15.11
CBC energy efficiency (%) 25.06
MKC energy efficiency (%) 21.90

Penalty cost of CO2 emission ($/h) 368
Total investment and maintenance costs ($) 54552786
Total investment and maintenance costs rate ($/h) 512.90
Fuel cost rate ($/h) 68.52
Total cost rate ($/h) 1017
TPC ($/GJ) 75.89
COE ($/kWh) 0.179
NPV (M$) 14.1136
PP (years) 16.6686
IRR (%) 6.2936

Specific CO2 emission, SCE (kg/kWh) 0.365
Power emission (kg/kWh) 0.543
Exergo-environmental index (− ) 0.634
Environmental damage effective index (− ) 1.739
Exergo-environmental impact improvement (− ) 0.575
Exergetic stability factor (− ) 0.533
Exergetic sustainability index (− ) 1.108
GWPdirect (kgCO2-eq/h) 1743
GWPindirect (kgCO2-eq/h) 2757
GWPtotal (kgCO2-eq/h) 4500
GWP per kWh (kgCO2-eq/kWh) 0.051
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In addition, an LCA (life cycle assessment) was implemented using a 
well-defined gate-to-gate boundary to quantify the system's global 
warming potential (GWP). This assessment captures both direct and 
indirect emissions specifically attributed to the internal power conver
sion processes, thereby providing a focused and reproducible 

environmental evaluation of the proposed system configuration. 

Total GWP
(
kgCO2− eq FU− 1)=

∑
GWPdirect +

∑
GWPindirect

− CapturedCO2 (40) 

In the current study, the LCIA (life cycle impact assessment) factor 

Fig. 10. Effect of MKC feed pressure and T-100 inlet temperature on the major output parameters of the new CPP.
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for indirect emissions associated with cooling was regarded as 
0.61365 kg CO2-eq/kWh [66].

Also, the exergy-enviro parameters added, which enable a compre
hensive understanding of the relationship between exergy destruction 
and system performance and environmental burden, improved the 
environmental assessment of the proposed system. The need to use ir
reversibilities in the system is reflected in the exergo-environmental 
index (EEI), which is the ratio of total exergy destruction to the inlet 
(in) exergy flow. Greater thermodynamic losses and, thus, a higher 
environmental load are indicated by a higher EEI [57,67]. 

EEI=
Ėxd,total

Ėxin
(41) 

This evaluation is further expanded by the environmental damage 
effectiveness index (EDEI), which normalizes EEI in relation to exergy 
efficiency. It reflects the capacity of the system to reduce ecological 
damage in the use of existing resources and yield beneficial results. A 
system that achieves a better balance between environmental re
sponsibility and performance is indicated by a lower EDEI value [57,67]. 

EDEI=
EEI
εsys

(42) 

In addition, a direct indicator of the potential for environmental 
improvement is offered by the exergo-environmental impact improve
ment (EII), which is the reciprocal of EDEI. A higher EII indicates a more 
environmentally friendly and sustainable system configuration [57,67]. 

EII=
1

EDEI
(43) 

By assessing the connection between exergy destruction and the 
production of useful products, the exergetic stability factor (ESF) pro
vides information about how resilient the system is to changing oper
ating circumstances. A stable design that is less vulnerable to 
environmental inefficiencies is indicated by a high ESF [57,67]. 

ESF=
Ėxd,total

Ėxd,total + total product + 1
(44) 

Lastly, as a comprehensive sustainability indicator, the exergetic 
sustainability index (ESI) combines the ESF and EII. Configurations with 
higher ESI values are those that improve long-term viability, reduce 
environmental degradation, and guarantee stability all at once [57,67]. 

ESI=ESF × EII (45) 

All things considered, these parameters enable a multifaceted 

Fig. 11. Effect of CBC and MKC feed pressures, and biogas flow rate on the key output parameters of the new CPP.
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environmental evaluation of the suggested CPP setup. They represent a 
more stringent approach than energy or emission-based indicators, and 
more than just quantifying the magnitude of environmental impact they 
also identify stability, long term sustainability and improvement 
potential.

2.3.4. ML and MOO approaches
To predict key system performance metrics accurately, an ANFIS 

(Adaptive Neuro-Fuzzy Inference System) was deployed, enhancing 
operational understanding and facilitating sound decision-making. The 
combination of fuzzy logic reasoning with neural networks' learning 
ability makes ANFIS an intelligent hybrid ML model that can capture 

certain complex nonlinear input-output relationships [68,69]. A set of 
3219 steady-state samples was used to train the ANFIS model, with 75% 
of the training dataset and 25% of the independent hold-out test set for a 
rigorous evaluation of the ANFIS model. Additionally, to verify the 
model's generalization capability and confirm the absence of overfitting, 
a five-fold cross-validation strategy was implemented, with results 
averaged across all iterations to derive final performance metrics. The 
architecture and hyperparameter settings, which were fine-tuned 
through the hybrid optimization method, are detailed in Table 5.

Next, MOO was implemented for the CPP setup under study in order 
to attain the best possible trade-off between economic performance, 
environmental impact, and energy efficiency. In order to manage the 

Fig. 12. R2 plots of ANFIS model predictions versus simulation data for the new system's thermodynamic, economic, and environmental indicators.
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contradictory character of these objectives, four metaheuristic algo
rithms, including Grey Wolf Optimizer (GWO), Particle Swarm Opti
mization (PSO), Artificial Rabbits Optimization (ARO), and NSGA-II, 
were used and compared. The special exploration and exploitation fea
tures offered by each algorithm help one to fully assess the topography 
of the system's optimization. Using these techniques therefore, the CPP 
design was evaluated in several scenarios in order to identify Pareto- 
optimal solutions that balance thermo-enviro-economic performance 
of the suggested system. Table 6 defines the operational boundaries for 
the key design parameters utilized in the MOO process, providing the 
search space for the applied metaheuristic algorithms to identify optimal 
system configurations.

Fig. 3 illustrates the implementation process of the ARO algorithm. 
ARO algorithm is a population-based metaheuristic algorithm that is 
inspired by the foraging and hiding nature of rabbits. It is a method that 
switches between “exploration” and “exploitation,” using a pair of 
search strategies: detour foraging and random hiding, and an energy shrink 
mechanism to manage the switching between the phases [70]. In the 
exploration stage, each rabbit updates its position by moving toward a 
randomly chosen peer in the swarm and adding a perturbation, which 
promotes diversified search over the solution space. This detour foraging 
behavior is defined as [70]: 

v→i(t+1)= x→j(t)+R×

(

x→i(t) − x→j(t)
)

+ round(0.5×(0.05+ r1))

× n1, i, j=1,…, n and j ∕= i
(46) 

where R shows the running operator: 

R= L × c (47) 

L=
(

e − e(t− 1/T)2
)
× sin (2πr2) (48) 

The parameter c governs the direction based on a random permu
tation g of the dimensions d: 

c(k)=
{

1 if k == g(l)
0 else , k=1,…, d and l=1,…,

⌈

r3 × d
⌉

(49) 

g= randperm(d) (50) 

n1 ∼ N(0, 1) (51) 

In the exploitation stage (random hiding), rabbits search for prom
ising solutions by moving toward a randomly selected burrow, which 
intensifies the search around high-quality regions. That is, for avoiding 
predators, rabbits hide in one of d randomly selected burrows, intensi
fying the search: 

v→i(t+1)= x→i(t)+R×

(

r4 × b
→

i,r(t) − x→i(t)
)

, i=1,…, n (52) 

The burrow selection is specified by: 

gr(k)=
{

1 if k == ⌈r5 × d⌉
0 else , k= 1,…, d (53) 

b
→

i,r(t)= x→i(t)+H× gr × x→i(t) (54) 

After either strategy, the position is updated if the new candidate 
position yields better fitness: 

x→i(t+1)=

{ x→i(t) f
(

x→i(t)
)

≤ f
(

v→i(t + 1)
)

v→i(t + 1) f
(

x→i(t)
)

> f
(

v→i(t + 1)
) (55) 

To balance exploration and exploitation over the course of iterations, 
ARO introduces an energy factor A(t) defined in Eq. (56), which de
creases over time T with iteration number and gradually shifts the al
gorithm from detour foraging toward random hiding. This adaptive 
mechanism enables ARO to explore the search space broadly at the 
beginning and refine the solutions effectively in later iterations [70]. 

A(t)=4
(

1 −
t
T

)
ln

1
r

(56) 

In the above equation r ∈ (0,1) presents a random number. When 
A > 1, the rabbits perform detour foraging; otherwise, they perform 
random hiding.

Table 11 
Evaluated metrics of the ANFIS for test and train datasets, showing excellent 
prediction accuracy across thermodynamic, economic, and environmental 
targets.

Target RMSE MAE R2 MAPE

Train

Second-low efficiency 0.0008 0.0006 0.9999 0.1925
Second-low destruction 2.5732 1.9678 0.9999 0.0341
COE 0.0001 0.0001 0.9999 0.0395
TPC 0.0829 0.0566 0.9999 0.0542
SCE 0.0003 0.0002 0.9998 0.0718
GWP 0.0035 0.0026 0.9999 0.2142

Test

Second-low efficiency 0.0012 0.0008 0.9999 0.2783
Second-low destruction 7.9792 4.4571 0.9999 0.0747
COE 0.0007 0.0001 0.9999 0.0541
TPC 0.2240 0.1329 0.9999 0.1198
SCE 0.0006 0.0003 0.9991 0.1099
GWP 0.0073 0.0048 0.9996 0.3910

Table 12 
MOO scenario results showing improvements in efficiency, economic performance, and environmental impact across different algorithms and scenarios.

Design parameters Base case Bi-objective scenario- 
GWO

Bi-objective scenario- 
NSGA-II

Bi-objective scenario- 
PSO

Bi-objective scenario- 
ARO

Four-objective 
scenario

ṁbiogas (kg/s) 1 1.28 1.02 1.28 1.23 1.12
Tin T− 100 (◦C) 1200 1558 1575 1588 1567 1580
PCBC feed (kPa) 900 928 931 928 906 1066
PMKC feed (kPa) 4000 4055 4574 4055 4572 3924
Pout k− 100 (kPa) 800 720 751 720 781 757

Performance

Second-low efficiency (%) 36.51 36.87 37.35 37.87 39.35 38.68
Second-low destruction 

(kW)
6042 5553 5550 5547 5526 5531

COE ($/kWh) 0.179 0.149 0.145 0.142 0.139 0.138
TPC ($/GJ) 75.89 73.51 71.28 70.51 68.28 68.007
SCE (kg/kWh) 0.315 0.242 0.234 0.214 0.208 0.206
GWP (kgCO2-eq/kWh) 1.404 1.120 1.101 1.019 1.012 1.014
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Table 7 provides a summary of the hyperparameter configurations 
utilized for each metaheuristic algorithm. These parameters were 
selected based on validated configurations from relevant literature to 
ensure consistent and equitable performance evaluation across all 
comparative methods [71–73].

3. Results and discussion

3.1. Verification of the CPP's units

Comparing the studied CPP simulation findings with published data 
from Refs. [74] and [75], Figs. 4 and 5 validate them. The relative error 
for each parameter is also reported. The deviation between the reference 
data and this work is very small as shown, confirming the reliability and 
accuracy of the adopted simulation approach. Ref. [74] investigated the 
OBC system fueled by biogas under similar operating conditions, making 
it a relevant benchmark for comparison. Reference [75], on the other 
hand, focused on the MKC for electricity generation. The study provided 
complete input datasets and key performance outputs, which enabled an 
effective validation of the baseline Kalina modeling in this work.

3.2. Energy-exergy performance analysis results

Under the base design condition, the suggested system provides 
544 kW of cooling power, 1536 kW of thermal (heating) power and 
3205 kW of net electrical power. The applied cycles MKC, CBC, and OBC 
have energy efficiencies of 21.9%, 25.06%, and 15.11%, respectively. 
The overall energy efficiency, overall exergy efficiency, and electrical 
efficiency of the integrated CPP setup were determined to be 59.86%, 
36.51%, and 36.3%, respectively, with a potential for fuel savings of 
25.32%, taking into account the total biogas input of 8829 kW.

According to Fig. 6, the biogas intake provides an exergy of 9517 kW, 
which is combusted with air to supply heat. Of this, 4665 kW is recov
ered through the flue gases to drive the CBC and boiler subsystems. 
Furthermore, waste heat recovery in the CBC enables the MKC to utilize 
1459 kW of fuel exergy, facilitating simultaneous electricity and cooling 
production.

The exergetic performance analysis of the suggested CPP setup is also 
summed up in Table 8. According to this table, the burner (1908 kW, 
82.28% efficiency), heat exchangers E− 101 (689 kW) E− 100 (602 kW), 
and turbine T-101 (482 kW) are the main sources (roughly 73%) of the 
CPP system's 5036 kW total exergy destruction. Combustion is further 
highlighted as the primary source of irreversibility by the compressor 
blocks (OBC = 2651 kW, CBC = 1469 kW). On the other hand, valves 
behave almost perfectly with very little loss, while turbines (efficiencies 
>92%) and compressors (>94%) operate effectively with comparatively 
slight destruction. Plus, E− 107 (59.83%), E− 106 (28.85%), and E− 102 
(24.34%) all exhibit critical inefficiencies, making them top priorities 
for system enhancement. All things considered, improving the heat re
covery and combustion components would greatly lower irreversibilities 
and improve cycle performance.

Accordingly, because of the burner's combustion process, which 
alone is responsible for 72% of the OBC's exergy destruction, Fig. 7
shows that the OBC contributes the largest share of irreversibility 
(2651 kW). This implies that by lowering entropy generation, reducing 
irreversibilities associated with combustion could largely enhance per
formance of the system. In contrast, the E− 101 heat exchanger in the 
CBC accounts for 46.9% of the subsystem's energy destruction, making it 
a crucial part of specific design enhancements. Optimizing this 
exchanger or modifying upstream equipment could mitigate entropy 
generation and improve overall system efficiency.

3.3. Thermo-economic performance analysis results

The proposed CPP's thermo-economic analysis shows a total cost rate 
of 1017 $/h, which is primarily made up of fuel costs (68.52 $/h) and 
investment and maintenance costs rate (512.9 $/h), plus an additional 
368 $/h CO2 emission penalty. The total product cost (TPC) is 75.89 
$/GJ, which is equivalent to 0.1796 $/kWh for cost of energy (COE). 
From an investment standpoint, the system shows moderate economic 
viability with a net present value (NPV) of 14.1136 M$, a payback 
period (PP) of 16.67 years, and an internal rate of return (IRR) of 6.29%. 
All things considered, these findings show that even though the system 
offers environmentally friendly and sustainable energy, financial 
viability requires careful evaluation of investment and operating 
expenses.

Furthermore, compressors and turbines account for the majority of 
the investment, according to the cost analysis of the CPP components in 
Table 9. The largest equipment expenditures are for K-101 (39.36 M$, 
418.49 $/h), K-100 (5.67 M$, 60.27 $/h), T-101 (4.31 M$, 45.81 $/h), 
and T-100 (1.94 M$, 20.58 $/h). After accounting for 2024 prices, the 
heat exchangers E− 103 (1.86 M$, 19.76 $/h) and E− 102, E− 101, 
E− 105, E− 104, E− 107, and E− 106 contribute less to the overall costs, 
ranging from 35,749 $ to 1.08 M$. The cost of the burner is moderate 
(278,051 $, 2.96 $/h). This analysis emphasizes the importance of major 
mechanical components in both capital investment and operational 
economic planning, with compressors and turbines in particular serving 

Fig. 13. Comparison of a) Pareto-optimal fronts and b) LINMAP-selected so
lutions for bi-objective optimization (efficiency–cost trade-off) using GWO, 
NSGA-II, PSO, and ARO algorithms.
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as the system's main cost drivers.
In line with this is the outcome of Fig. 8; the figure presents a 

breakdown of investment costs for various system components, with the 
largest share allocated to compressors (82.5%), primarily driven by the 
K-101 component. Expanders (turbines) represent the next significant 
category at 12.3%, with T-101 contributing the most (64.4%). Smaller 
parts, such as the burner, coolers and pumps only make up a small 
fraction of the total investment, highlighting the significance of com
pressors and expanders.

Fig. 9 presents the plots of NPV assessments for different input- 
output energy types–power, heating, cooling, and fuel—as well as in
terest rate over a 24-year period.

The NPV outcomes of the suggested CPP system for a 24-year period 
at various power prices (0.20 $/kWh to 0.50 $/kWh) is displayed in 
Fig. 9(a). The NPV improves and the project's profitability (IRR) rises as 

the power price rises. With a payback period of 6.14 years, the power 
price of 0.50 $/kWh exhibits the highest NPV and IRR (12.91%). 
However, with a payback period of more than 25 years, the 0.20 $/kWh 
power price scenario has the lowest NPV and IRR (2.98%).

The next plot (Fig. 9(b)) illustrates the NPV over 24 years for four 
heating price scenarios. The NPV increases with higher heating prices, 
with the highest price scenario (0.08 $/kWh) reaching positive NPV 
around year 15, compared to the lower price scenarios, which remain 
negative longer. The PP, for the scenarios, ranges from 15.06 years (at 
heating price of 0.08 $/kWh) to 19.08 years (at 0.02 $/kWh), and the 
IRR increases from 5.81% to 6.76% as the heating price rises.

Next, Fig. 9(c) demonstrates that as the cooling cost increases from 
0.04 $/kWh to 0.10 $/kWh, the NPV becomes less negative, with the 
NPV for cooling price of 0.10 $/kWh reaching closer to zero. Specif
ically, for cooling price of 0.04 $/kWh, the NPV exceeds 10 M$, while 

Fig. 14. Scatter plots of decision-variable distributions across populations for the bi-objective optimization algorithms.
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for cooling price of 0.10 $/kWh, it remains around 15 M$. The corre
sponding PP and IRR values also change: at cooling of 0.04 $/kWh, PP is 
17.34 years and IRR is 6.06%, while at cooling of 0.10 $/kWh, PP drops 
to 16.59 years and IRR increases to 6.40%, suggesting that higher 
cooling costs slightly improve the project's economic viability.

The NPV plot in Fig. 9(d) shows that the NPV gets more negative as 
the cost of the fuel input increases, making the project less profitable. 
The NPV value is around 20 M$ for fuel price of 1 $/GJ and around 5 M$ 
for fuel price of 4 $/GJ. The PP and IRR also change with increasing fuel 
cost: at 1 $/GJ, PP is 15.33 years with an IRR of 6.62%, while at 4 $/GJ, 
PP extends beyond 20 years, and IRR drops to 5.63%. This indicates that 
the higher the input fuel prices, the worse it is for the payback period 
and the return on investment.

Finally, Fig. 9(e) presents that as the interest rate increases (i), the 

NPV becomes more negative, indicating a decline in the project's 
financial viability. For an interest rate of 4%, the NPV remains around 
20 M$, while for 10%, it is − 10 M$. The PP also changes: for i = 4%, the 
PP is 15.17 years, while for i = 10%, the PP extends beyond 25 years. 
This indicates that the impact of higher interest rates is significant on the 
economic performance of the project which will result in decrease of the 
NPV and increase in payback period.

3.4. Environmental performance analysis results

The environmental assessment of the proposed CPP process indicates 
a net CO2 emission of 1742 kg/h, considering the CO2 content in biogas 
(2489 kg/h) and the total flue gas emissions (4231 kg/h). Plus, based on 
the process simulation and thermodynamic results, the specific CO2 
emission (SCE) is estimated by 0.3651 kg/kWh, being significantly less 
than the reference biomass-based system (0.518 kg/kWh) reported in 
Ref. [65], corresponding to a CO2 emission reduction of 1075 kg/h.

In addition, exergo-environmental analysis reveals a power emission 
of 0.5438 kg/kWh, and an exergo-environmental index (EEI) of 0.6349, 
indicating effective utilization of input fuel with reduced environmental 
burden. The environmental damage effective index (EDEI) is 1.739, 
while the exergo-environmental impact improvement (EII), exergetic 
stability factor (ESF), and exergetic sustainability index (ESI) are 
0.5751, 0.5334, and 1.108, respectively, highlighting the system's 
contribution to sustainable energy production.

On the other side, LCA results show a direct global warming potential 
(GWP) of 1743 kgCO2-eq/h, an indirect GWP of 2757 kgCO2-eq/h, and a 
total GWP of 4500 kgCO2-eq/h, corresponding to 0.0514 kgCO2-eq/ 
kWh. The results of these findings show the capability of the proposed 
system to reduce GHGs emissions and facilitate environmentally 
friendly power, cooling and heating productions.

Considering the aforementioned results from the system analysis, 
Table 10 is presented as an overall performance of the proposed CPP, 
with its energy, exergy and thermo-economic and environmental out
puts and efficiencies given for each of the subsystems.

Fig. 15. Four-objective optimization results (via ARO) showing the Pareto 
distribution of efficiency, cost, and emissions, with the LINMAP-identified op
timum point highlighted as the best trade-off solution.

Fig. 16. Scatter plots of decision-variable populations derived from the four-objective optimization.
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3.5. Parametric study

The 3D surface plots in Fig. 10 illustrate the impact of two 
parameters—T-100 inlet temperature (◦C) and MKC feed pressure 
(kPa)—on the suggested CPP system's key output parameters.

Plot (a) shows that higher MKC feed pressures and T-100 inlet tem
peratures raise second-law efficiency, peaking in the upper right corner 
of the graph. Precisely as both variables rise, the system's efficiency 
heads toward 42.34%, the highest value on the graph. The color scale's 

slope shows that the efficiency is more sensitive to changes in the MKC 
feed pressure than the T-100 inlet temperature. as shown by the more 
pronounced surface changes caused by MKC feed pressure rise. The 
higher values of each of these factors maximize the second-law effi
ciency of the system and therefore both are very important.

Plot (b) shows how the same input variables affect the second-law 
destruction of the system. The story shows that as MKC feed pressure 
and T-100 inlet temperature increase, second-law damage lessens. 
Second-law damage is at its lowest value, around 5488 kW, in the 

Fig. 17. SHAP-based sensitivity analysis plots showing the relative impact of decision variables on the system performance indicators, highlighting biogas flow rate 
as the dominant driver across efficiency, environmental, and economic goals.
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bottom right corner of the story when both parameters reach their 
minimum levels. In contract, at lower MKC feed pressure and T-100 inlet 
temperature, second-law destruction is maximized, with values nearing 
6254 kW. This implies that less entropy generation and system in
efficiency result from higher operational parameters, especially T-100 
inlet temperature and MKC feed pressure, hence leading to lower 
second-law damage.

Similarly, apparent for other output factors like COE (plot (c)), TPC 
(plot (d)), SCE (plot (e)), and GWP (plot (f)) are the same patterns seen 
for second-law destruction. Increasing T-100 inlet temperature and MKC 
feed pressure results in better system performance, lower energy losses, 
financial expenses, and environmental effects in every situation. Ac
cording to these results, careful optimization of the operating parame
ters of the major components in the proposed CPP system can 
simultaneously increase the thermodynamic efficiency, lower the 
emissions and lower the costs.

The joint effect of CBC and MKC feed pressures as well as biogas flow 
rate on the proposed CPP system's key output parameters is illustrated in 
the 3D surface plots of Fig. 11.

Plot (a) represents various biogas flow rates, ranging from 0.5 kg/s to 
2.5 kg/s. As the biogas flow rate increases up to 2.5 kg/s, the second-law 
efficiency decreases, representing the lowest efficiency, around 10%. 
Additionally, the plot demonstrates that both MKC feed pressure and 
CBC feed pressure slightly influence efficiency, with higher pressures 
leading to almost stable performance. Hence, for lower biogas flow rates 
(e.g., 0.5 kg/s), the second-law efficiency remains higher, around 45%. 
As the biogas flow rate increases, efficiency values shift toward the 
lower range (10-15%). This implies that optimizing the performance of 
the system depends mostly on the biogas flow rate, with reduced rates 
greatly helping to boost second-law efficiency.

Plot (b) shows that as the biogas flow rate rises to 2.5 kg/s, the TPC 
declines, signifying the worst economic performance, around 80 $/GJ. 
Furthermore, the story shows that MKC and CBC feed pressures affect 
product cost; higher pressures result in almost higher economic per
formance. Therefore, the price of the product increases (about 130 
$/GJ) for lower biogas flow rates (e.g., 0.5 kg/s). The price points move 
toward the lower range (80-90 $/GJ) as the biogas flow rate grows. This 
implies that the rate of biogas flow is the most important element in 
maximizing the economic performance of the system.

Next, Plot (c) shows how the SCE lowers with rising biogas flow rate; 
the yellow area indicates the smallest emissions near 0.22 kg/kWh. 
Particularly when the biogas flow rate is greater, the story reveals that 
higher MKC and CBC feed pressures help to reduce CO2 emission. As 
indicated by the red regions of the graph, flow rates (e.g., 0.5 kg/s), the 

SCE is higher, with values approaching 0.30 kg/kWh. On the other hand, 
greater biogas flow rates (e.g., 2.5 kg/s) result in emissions as low as 
0.22 kg/kWh, the green areas. This indicates that lowering SCE depends 
critically on both feed pressures and biogas flow rate, thereby empha
sizing the need of finding the best values for these. Reduce the envi
ronmental effect of the system.

Finally, Plot (d) reveals that as the biogas flow rate rises so does the 
GWP. The red areas, which represent the lowest biogas flow rate of 
0.5 kg/s, show the lowest GWP values—around 1.1 kgCO2-eq/kWh. 
Conversely, the green regions denoting the greatest biogas flow rate of 
2.5 kg/s have the greatest GWP—around 1.9 kgCO2-eq/kWh. The story 
also shows that greater GWPs are linked to higher CBC feed pressures 
and that reduced GWPs result from higher MKC feed pressures. This 
shows that lowering the GWP of the system and helping towards a more 
environmentally sustainable operation may be accomplished by opti
mizing biogas flow rates and pressures.

3.6. Results of ML method

Fig. 12 shows the R2 (determination coefficient) plots comparing the 
simulation results with the ANFIS model predictions for main thermo
dynamic, financial, and environmental performance indicators of the 
suggested CPP system. The results demonstrate that all assessed 
parameters–second-law efficiency, destruction, COE, TPC, SCE, 
GWP–attained R2 values more than 0.999, implying an almost perfect 
correlation between prediction and simulation. Furthermore, supporting 
the great precision and generalizing ability of the model across many 
performance metrics, the tight alignment of all data points along the 
x = y line verifies this. This demonstrates the reliability of the applied 
ML approach in capturing the complex thermo-economic and environ
mental behavior of the system.

In line with this is the results of Table 11 in which the ANFIS model 
accurately predicts all targets with very high R2 (≥0.999), minimal 
relative deviations (MAPE ≤0.39), and low errors (RMSE, MAE), con
firming its robustness for system performance estimation.

3.7. Results of MOO

A base case with two-objective optimizations employing GWO, 
NSGA-II, PSO, and ARO is contrasted with a four-objective scenario in 
Table 12 to display the results of several MOO situations. The outcomes 
show notable gains over the base case in all optimized cases; i.e. second- 
law efficiency rises while second-law destruction, COE, TPC, SCE, and 
GWP fall. For instance, the four-objective scenario maximizes efficiency 
(38.68%) while minimizing economic costs (COE 0.138 $/kWh, TPC 68 
$/GJ), destruction (5531 kW), and environmental effect (SCE 0.206 kg/ 
kWh, GWP 1.014 kgCO2-eq/kWh). Additionally, the efficiency of MOO 
in directing system design is demonstrated by the fact that, among the 
two-objective algorithms, ARO regularly offers near-optimal trade-offs, 
especially in increasing the second-low efficiency, lowering thermody
namic losses, economic, and environmental impacts.

Based on the trade-off between second-law efficiency and TPC, 
Fig. 13 shows the Pareto-optimal solutions produced by the aforemen
tioned four MOO algorithms. The LINMAP approach was utilized to 
determine the optimum point in each scenario. As shown in this figure, 
ARO offers the best compromise, achieving the lowest cost (68.28 $/GJ) 
and the highest efficiency (39.35%). GWO yields the highest cost (73.51 
$/GJ) at relatively low efficiency (36.87%). NSGA-II offers a balanced 
solution with moderate cost (71.28 $/GJ) and efficiency (37.35%), 
whereas PSO achieves a slightly lower cost (70.51 $/GJ) with improved 
efficiency (37.87%). This comparison demonstrates how ARO performs 
better than the other algorithms by maximizing efficiency and mini
mizing TPC at the same time.

Fig. 14 presents the population-wise distribution of the main deci
sion variables obtained from the four multi-objective optimization al
gorithms. The figure shows the inlet temperature (T-100), feed pressure 

Fig. 18. Feature importance analysis demonstrating biogas flow rate as the 
most influential variable across all objectives.
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(CBC), outlet pressure (K-100), feed pressure (MKC), and biogas flow 
rate. The distribution patterns show clear differences in search behavior 
among the algorithms. ARO yields comparatively compact solution 
clusters, indicating stronger convergence and a more focused search 
around feasible operating regions. PSO, on the other hand, shows a 
larger variance among the solutions, which indicates less focused search 
space exploration. GWO and NSGA-II display clustered but more scat
tered distributions than ARO, suggesting a less uniform convergence 
behavior. Therefore, the figure indicates that ARO provides a more 
stable and directed search pattern for the decision variables.

To ensure a rigorous and equitable performance evaluation, it is 
emphasized that all metaheuristic optimization algorithms (PSO, GWO, 
NSGA-II, ARO) were conducted using identical decision-variable 
bounds, as summarized in Table 6. Furthermore, it is important to 
note that the observed distributions of decision variables—particularly 
the shifts in parameter ranges—are not artifacts of varying constraints, 
but rather a reflection of the inherent topography of the Pareto-optimal 
fronts. In this case, the added conflicting objectives (COE and SCE) 
caused the optimization framework to be more of a four-objective 
problem, requiring the search over the entire feasible domain. This 
leads to the creation of different clusters of populations, which is a 
reflection of the different strength of the exploration and exploitation 
abilities of different algorithms in their search of these conflicting search 
spaces.

Fig. 15 shows a four-objective optimization problem involving 
second-law efficiency, TPC, COE and SCE. A second-law efficiency of 
38.68%, TPC of 68.007 $/GJ, COE of 0.138 $/kWh, and SCE of 
0.206 kg/kWh are shown to be the optimal values using LINMAP. This 
method is a well-balanced compromise that preserves favorable effi
ciency while lowering costs and environmental effect.

Scatter plots of population distributions for important choice vari
ables derived from the four-objective optimization method are also 
shown in Fig. 16. T-100 inlet temperature, biogas flow rate, CBC feed 
pressure, K-100 outlet pressure, and MKC feed pressure are among the 
parameters. The distribution of points reflects how the optimization is 
designed to assure diversity in the solution space and explores the ranges 
of feasible values for each variable. Some parameters, like biogas flow 
rate and MKC feed pressure, show wider variability, reflecting trade-offs 
among objectives, while others, like CBC feed pressure and K-100 outlet 
pressure, show relatively concentrated clusters showing convergence 
into stable ranges. The relationship between operating conditions and 
the MOO outcome is highlighted by these scatter distributions.

3.8. Sensitivity analysis

According to the SHAP sensitivity analysis in Fig. 17, biogas flow rate 
is the primary factor affecting all performance metrics, significantly 
lowering economic costs (COE and TPC), environmental effect (GWP 
and SCE), and exergy destruction. Moreover, T-100 intake temperature 
and K-100 outlet pressure have secondary influence on these metrics, in 
particular on second-law efficiency, TPC, ASE, and GWP. Generally, the 
outcomes show that biogas flow is the main variable affecting system 
behavior, with temperature and operating pressures having com
plementing but less important effects on trade-offs between efficiency, 
environment, and cost.

The MOO problem's feature importance analysis is shown in Fig. 18, 
which also shows how input variables relate to performance metrics 
including GWP, SCE, COE, TPC, exergy destruction, and second-law 
efficiency. The results clearly show that biogas flow rate controls and 
is of greatest importance among all goals, so highlighting its essential 
part in influencing thermodynamic and economic effects. On the other 
side, such parameters as T-100 inlet temperature, K-100 outlet pressure, 
CBC and MKC feed pressures only add tiny contributions and have few 
impacts on the investigated objectives. This implies that the biogas input 
primarily determines system performance even if pressure and temper
ature settings provide fine-tuning corrections rather than causing 

alterations.

4. Conclusion

To produce electricity, cool, and heat at the same time, a modified 
Kalina cycle, open and closed air Brayton cycles, and a boiler were 
coupled in an integrated biogas-fueled combined power plant (CPP). 
The system was modeled in Aspen HYSYS using energy, exergy, eco
nomic and environmental studies. Performance was predicted using 
machine learning (ANFIS), and optimal operating conditions were 
identified using multi-objective optimization (MOO) using four meta
heuristic algorithms, namely ARO, PSO, GWO, and NSGA-II. Sensitivity 
analysis measured how design factors affected system behavior.

With 5036 kW of exergy destruction, the CPP achieved overall en
ergy and exergy efficiencies of 59.86% and 36.51%, respectively, pro
ducing 3205 kW of electricity, 1536 kW of thermal power, and 544 kW 
of cooling under base conditions. The total product cost was 75.89 $/GJ 
and cost of energy equaled 0.1796 $/kWh, with a payback period of 
16.67 years and a net present value of 14.1136 M$. Environmentally, 
CO2 emissions decreased to 0.365 kg/kWh, and 4500 kgCO2-eq/h was 
the total GWP. According to four-objective MOO results, ARO mini
mized economic and environmental consequences (TPC ≈ 68.007 $/GJ, 
COE ≈ 0.138 $/kWh, SCE ≈ 0.206 kg/kWh) while maximizing efficiency 
(≈38.68%). The flow rate of biogas was shown to be the most important 
element affecting system performance.

These outcomes show the potential of the CPP as a multi-product, 
sustainable energy source. The study highlights the importance of heat 
recovery, turbine optimization, and biogas management, providing 
valuable insights into system design and operation.

4.1. Limitations, practical implementation, and future directions

While the thermo-enviro-economic and optimization results pre
sented herein demonstrate significant potential for the proposed biogas- 
fired CPP, it is essential to acknowledge the study's reliance on 
computational modeling and steady-state assumptions. The perfor
mance metrics, particularly economic indices such as the payback 
period and net present value, are subject to real-world fluctuations in 
feedstock composition, catalyst degradation, and operational wear, 
which were not captured in this deterministic model. Furthermore, the 
integration of open and closed Brayton cycles with a modified Kalina 
cycle significantly increases system complexity, requiring a coordinated 
control strategy for interdependent variables, such as the turbine inlet 
temperature, MKC feed pressure, and biogas flow rate. Changes in these 
parameters, combined with the intermittent nature of biogas produc
tion, present challenges for both maintaining stable combustion and 
thermal recovery efficiency and ensuring thermodynamic stability dur
ing transient periods of start-up and shut-down.

To mitigate these operational uncertainties, this study utilizes 
ANFIS-based predictive modeling to facilitate rapid system assessment, 
and the ARO algorithm to identify robust operating conditions that 
maintain efficiency despite fluctuations. However, for commercial scale, 
advanced real-time monitoring, adaptive control strategies and biogas 
conditioning units will be required for long term reliability. Finally, 
future work should consider hardware-in-the-loop (HIL) simulations and 
pilot scale validation to provide a closer link between the idealized 
simulation results and actual operation. Additionally, future efforts 
should prioritize the integration of variable air-excess control strategies 
to optimize combustion efficiency across the full spectrum of fuel supply 
fluctuations, alongside exploring integration with secondary renewable 
sources and dynamic operation modeling.
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