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Abstract

Concerns over climate change and fossil fuel dependency have intensified the
development of renewable energy and sustainable energy globally. However, conventional
mechanistic models often struggle to capture the complex nonlinear behavior of integrated
gasification and turbine systems, limiting their predictive accuracy and suitability for real-time
applications. This study presents a hybrid modeling framework that integrates a two-stage
biomass gasification and gas turbine model with artificial neural networks (ANNSs) to enhance
prediction accuracy for integrated biomass-to-power performance. More than 5,000 simulation
cases were generated using a parametric grid sampling strategy and validated against
experimental data from the literature to ensure model fidelity. Spearman’s rank correlation
analysis identified the air flow rate and the carbon dioxide (CO:)-to-fuel ratio as the most
influential parameters. The optimized ANN models achieved coefficients of determination (R?)
exceeding 0.99 and root mean square errors (RMSE) below 5%, substantially outperforming
conventional modeling approaches. The proposed hybrid ANN—Aspen Plus framework enables
rapid and reliable performance prediction, facilitates real-time optimization, and promotes carbon

dioxide (CO.) utilization in advanced biomass-to-power systems.

Keywords: Biomass gasification; Syngas; Artificial Neural Network; Carbon Dioxide
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1. Introduction

The growing urgency to mitigate climate change, strengthen energy security, and lessen
reliance on fossil fuels has intensified global interest in sustainable energy technologies. Among
them, biomass, particularly lignocellulosic residues and waste, has emerged as a promising
feedstock for renewable energy production because of its abundance, renewability, and near-
carbon-neutral nature [1]. Currently, biomass contributes more than 10% of global primary
energy and offers substantial potential for decentralized energy systems and fossil-fuel
substitutions [2-3]. Biomass can be thermochemically converted into energy carriers such as
hydrogen, heat/electricity and synthesis gas (syngas) via pyrolysis, combustion, and gasification
[4-5]. Gasification is especially attractive, as it produces syngas/hydrogen that can be used for
electricity generation, synthetic fuels, and value-added chemicals. Accurate modelling of the
gasification process is therefore essential for improving process efficiency, minimizing
experimental costs, and facilitating scale-up.

Conventional modelling approaches including equilibrium, kinetic, and computational
fluid dynamics (CFD) models have been widely applied. However, each approach has notable
limitations. For example, equilibrium models are simple but rely on idealized assumptions [6—7];
kinetic models are more accurate but require detailed mechanisms, which are difficult to obtain
for diverse feedstocks and these kinetic data are often specifically designed and validated for
particular reactor types and operating conditions [8]; and CFD models offer high spatial fidelity
but at prohibitive computational cost, making them unsuitable for real-time control [9—10] a key
bottleneck for advanced process-control platforms. These limitations have driven the adoption of
machine learning (ML) techniques, particularly artificial neural networks (ANNSs), which can
model nonlinear, multivariable relationships directly from input data. Recent studies have
employed artificial neural networks (ANNs) to predict syngas properties from biomass
gasification across a wide range of operating conditions including temperature, pressure,
gasifying-agent ratios and diverse feedstock compositions [11-13]. However, most ANN-based
studies only focused on predicting either gasification performance or syngas yield, without
considering the downstream energy conversion stage (e.g. gas turbines) and the results achieve
only moderate predictive accuracy (R? around 0.95, RMSE > 10%), which limits their

applicability in fully integrated biomass-to-power systems.



Gasifying agent also significantly affects the properties of the product gas. Although air is
the cheapest and most common gasifying agent for biomass gasification, the product gas has low
calorific value (4-6 MJ/Nm?®) [14] and contains up to 55 mol% of N, which requires a nitrogen
separation process leading to an increase in capital and operational costs of the process [15].
Steam can produce high calorific value gas (15-20 MJ/Nm?) with 44-49 mol% H, [16]. However,
the main disadvantage of using steam as a gasifying agent is that it is energy intensive to generate
steam, causing a reduction in process efficiency [17]. CO; has recently emerged as a reactive
gasifying agent for biomass gasification to obtain high quality syngas, because it promotes the
Boudouard and dry reforming reactions [18-20], yet its effect remains under explored in ANN
frameworks, and no study has coupled CO:-assisted gasification with gas turbine performance in
a single predictive step. Utilization CO: as a carbon source not only enhances syngas quality
(increasing Hz and CO yields) but also supports global decarbonization strategies, e.g. national
net-zero targets. Despite these advantages, the role of CO2 in ANN-based gasification frameworks
remains underexplored, and no study has yet coupled CO:-assisted gasification with gas turbine
performance in a unified predictive model.

Therefore, this study aims to: (i) develop a comprehensive Aspen Plus model of CO2-
enhanced biomass gasification integrated with gas turbine cycle over a wide range of operating
conditions and the modelling results was validated using experimental data available in literature
(i1) quantify the influence of key variables using Spearman’s rank correlation and (iii) to train and
validate ANN surrogates that accurately replicate on both gasifier and gas-turbine outputs with
R?>0.98 and RMSE < 5%. The study will open up the opportunities for real-time optimization,
advance the digital transformation of biomass-to-power systems and utilization of CO; as a
carbon source for energy production, contributing significantly to the environmental footprint
and sustainability of the process as well as providing alternative carbon capture and storage

techniques.

2. Methodology

A sequential hybrid modeling framework was adopted in this study. First, a mechanistic,
thermodynamically consistent process model was developed in Aspen Plus to generate a high-

quality and physically robust dataset. Subsequently, this dataset was used to train and validate



artificial neural network (ANN) surrogate models implemented in Python, enabling rapid and
real-time prediction of system performance.
2.1 Biomass gasification model

The biomass gasification process was modeled in Aspen Plus V12.1 (Figure 1) using a
two-stage approach. This two-zone configuration enables a more accurate representation of the
complex physicochemical processes occurring during gasification and has been adopted in
several recent simulation studies to improve model fidelity. The model comprises two distinct
stages: a pyrolysis zone (PYRO), which simulates the thermal decomposition of biomass into
char and volatiles, and a gasification zone (OXI+RED), which encompasses both oxidation and
reduction reactions in the gas phase [21]. The pyrolysis zone was implemented using the RYIELD
reactor block, allowing user-defined decomposition based on the elemental composition of the
feedstock. Volatile products generated in this stage include both condensable species (e.g., tars,

water) and non-condensable gases (e.g., CO, H2, CHa4, COz), which are crucial for downstream

application.
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Figure 1: Simulation model of a two-stage biomass gasification process

The gasification zone was modeled using a single RGibbs reactor, which determines the
equilibrium product distribution by minimizing the total Gibbs free energy of the system. This
equilibrium-based approach is widely used in gasification simulations due to its robustness in
handling complex reaction networks and its ability to accommodate diverse biomass compositions

[22—-24]. The model inputs include the elemental composition of the biomass (C, H, O, N, and S)



and key operating parameters such as reactor temperature and the CO:-to-biomass ratio. Although
the RGibbs approach does not explicitly account for kinetic limitations or intermediate species
such as tars, thereby leading to a known tendency to overestimate H. and CO yields relative to
real reactors this formulation was selected for its reliability, robustness, and general applicability
in the absence of detailed kinetic data. Thermodynamic properties of vapor-phase species were
calculated using the Peng—Robinson equation of state. For non-conventional solid components
such as char and ash, the DCOALIGT and HCOALGEN property models were employed, in
accordance with standard practice in coal and biomass gasification modeling [25]. Throughout
the simulation framework, steady-state mass and energy conservation were strictly enforced to
ensure that the dataset generated for ANN training is thermodynamically consistent and
physically meaningful.

To estimate thermodynamic properties accurately, the Peng—Robinson equation of state
was applied to vapor-phase species. For non-conventional solid components such as char and ash,
the DCOALIGT and HCOALGEN models were employed, in line with standard practices in coal
and biomass modeling [25]. Throughout the simulation framework, strict adherence to steady-
state mass and energy conservation was enforced to ensure that the ANN training dataset reflects
physically consistent thermodynamic behavior.

To validate the reliability of the Aspen Plus model, simulation results were benchmarked
against experimental data reported in the literature for representative biomass feedstocks,
including wood chips and rice husk [21,23]. The selected experimental cases correspond to
autothermal gasification operated with air/COs: as the gasifying agent, at reactor temperatures in
the range of 800-900 °C and under atmospheric pressure. In the present work, these operating
conditions, together with the reported elemental compositions of the biomass feedstocks, were
explicitly reproduced in Aspen Plus to ensure a consistent and meaningful basis for comparison
between simulations and experiments. Table 1 presents a side-by-side comparison of the
predicted and experimental syngas compositions for the major species (Hz, CO, CO-, and CHa4),
together with the corresponding relative errors. The results show that the deviations for the
dominant syngas components (Hz, CO, and CO:) remain within 4-7%, while the deviation for
CHa is below 3%. The average absolute deviation for the major syngas species is therefore below

7%, demonstrating that the model satisfactorily captures the dominant thermodynamic trends



governing biomass gasification and is sufficiently accurate for dataset generation and subsequent

ANN training.

Table 1: Validation of Aspen Plus model results against experimental data.

Component (mol%) | Experimental Data [21, 23] | Aspen Plus Model Results |Relative Error (%)
Hydrogen (H>) 18.5 19.6 6.2%
Carbon Monoxide (CO) 22.1 23.4 5.8%
Carbon Dioxide (CO-) 12.3 11.8 4.1%
Methane (CHa) 1.8 1.9 2.8%

2.2 Gas turbine model

The gas turbine system was modeled in Aspen Plus V12.1 by integrating three key
components: an air compressor, a combustion reactor, and a gas turbine expander, as shown in
Figure 2. This configuration replicates the structure of a typical Integrated Gasification Combined
Cycle (IGCC) system [26,27]. The air compressor increases the pressure of ambient air before it
enters the combustion chamber. To account for realistic mechanical and aerodynamic losses, the
isentropic efficiencies of the air compressor and the gas turbine expander were set at 85% and
90%, respectively. The combustion chamber was simulated using an RGibbs reactor block, which
determines the equilibrium composition of combustion products by minimizing Gibbs free
energy. This approach is well-suited for systems involving complex reaction pathways and
unknown kinetics, enabling reliable estimation of flue gas composition. The air-to-fuel ratio was
adjusted to meet the stoichiometric combustion requirements of biomass-derived syngas,
ensuring complete oxidation and accurate thermal energy prediction. Mechanical losses during
shaft power transmission were incorporated to reflect practical power generation constraints. The
resulting high-temperature combustion gases were then expanded through the gas turbine to

generate mechanical work, which was subsequently converted to electrical power.
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Figure 2: Simulation model of a gas turbine system

The thermodynamic behavior of the working fluid was modeled using the Peng—Robinson
equation of state, which is suitable for simulating non-ideal gas behavior across varying pressure
and temperature conditions. Key simulation outputs, including turbine exhaust temperature and
mass flow rate, were cross-validated against reported data for small-to-medium-scale gas turbine
systems to ensure physical consistency and model reliability. The primary outputs of the
thermodynamic model-—namely turbine power output and air mass flow rate were selected as
target variables for training and validating the artificial neural network (ANN) models, given
their direct relevance to system efficiency, operational flexibility, and load response
characteristics. To maintain thermodynamic consistency, all system components were modeled
under steady-state conditions based on the principles of mass and energy conservation. The

overall mass balance of the gasification system is expressed as:

Z Mjp) = z Mout)

M (pjomass) + Mair) + m(COZ) = m(syngas) + M(residue)



The energy balance across the gasifier is formulated as:

Q-W-= Z M (out) Noury — Z Min) hip)

where h denotes the specific enthalpy of each stream. For the autothermal gasifier, heat transfer to

the surroundings is neglected, and the system is assumed to operate under adiabatic conditions

@ =0).
The net shaft power generated by the gas turbine system is calculated from the balance between

the turbine expansion work and the compressor work requirement:

W(net) = nm(m(gas)Ah(turblne) - r.n(gas)Ah(compressor))

where 1, is the working-gas mass flow rate, Ahqine represents the specific enthalpy drop across
the turbine, Ahgqmpressor denotes the specific enthalpy rise across the compressor, and 7y, is the

mechanical efficiency of the gas turbine shaft.

A summary of the mass and energy balance parameters used for the hybrid framework is provided

in Table 2.

Table 2. Summary of Mass and Energy Balance Parameters for the Hybrid System.

Component Mass Balance Energy Balance Efficiency Parameters
m, - hy = h Thermodynamic
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2.3 Artificial Neural Network (ANN) Modeling

Two artificial neural network (ANN) models were developed in Python v3.10.12; the
overall modeling workflow is shown in Figure 3. The first ANN model was designed to simulate
biomass gasification model (Figure 3a), while the second was constructed to predict gas turbine
performance (Figure 3b). Both models were implemented using the TensorFlow and Keras
libraries [28]. Aspen Plus was coupled with Python through the COM (Component Object Model)
automation interface, which enables external control of Aspen Plus from Python scripts. This
interface was used to automatically modify input parameters, execute batch simulations, and
extract key output variables. The resulting dataset was then parsed, cleaned, and directly used for
ANN training and validation, thereby enabling a fully automated simulation—machine learning
workflow. The ANN models were trained on data generated from the Aspen Plus simulations
described in Sections 2.1 and 2.2, which were themselves validated against experimental data
from the literature. This sequential validation strategy represents a robust hybrid modeling

approach, in which the ANN serves as a real-time surrogate for a validated mechanistic model.
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Figure 3: Artificial neural network (ANN) modeling workflow for (a) biomass gasification and

(b) gas turbine systems.

To ensure robust and representative coverage of the operating domain, the dataset was

generated using a parametric grid sampling strategy. Five representative biomass feedstocks were



considered, and for each biomass type, 1,000 simulation cases were systematically generated by
sweeping the reactor temperature and the CO2-to-biomass ratio across their full predefined
ranges. Both ANN models employed a multilayer perceptron (MLP) architecture consisting of an
input layer, two hidden layers, and an output layer. The hidden layers used the Rectified Linear
Unit (ReLU) activation function to capture complex nonlinear interactions, while the output layer
employed a linear activation function for regression.

To prevent overfitting, strict separation of training, validation, and test datasets was
implemented in conjunction with 10-fold cross-validation, L2 regularization, and early stopping
based on validation loss. All reported performance metrics correspond to an independent,
previously unseen test set. The consistency of performance across all cross-validation folds and
the independent test set confirms that the high predictive accuracy reflects genuine generalization
rather than overfitting.

The gasification ANN maps key operational and biomass-related input including
gasification temperature, CO2-to-biomass ratio, biomass feedstock composition (C, H, O, N, S),
and proximate analysis values e.g. moisture content, volatile matter, fixed carbon, and ash as
summarized in Table 3. The model outputs consist of the syngas flow rate and mole fractions of
major syngas constituents H2, CO, CO:, and CHa, which are critical indicators of gasification
efficiency and product quality [29]. The ranges for both input and output parameters were chosen
to reflect a wide range of commercially relevant operating conditions and feedstock types

available in the literature, ensuring the model's robustness and generalization capability.



Table 3: Input and output variables used in the ANN model for Biomass Gasification.

Input parameters Range
T (°C) 400 - 1300
CO2/Biomass ratio 0.01-2
C (wt%) 22.35-92.70
H (wt%) 2.66 - 14.30
O (wt%) 0-49.20
N (wt%) 0-16.90
S (wt%) 0-4.05
Ash (wt%) 0 -60.80
M (wt%) 0-72.99
FC (wt%) 0-43.30
VM (wt%) 19.32 - 100
Output parameters Range
H> (mol%) 0.04 —0.98
CO (mol%) 0-0.80
COz (mol%) 0-0.91
CH4 (mol%) 0-0.71
Syngas flow (kg/h) 101 —2,910

The turbine ANN model was developed to predict gas turbine performance within the
integrated biomass-to-power framework. As shown in Figure 3, the syngas composition and flow
rate obtained from the Aspen gasification model were used as the primary inputs for the gas
turbine ANN model. Its input variables include syngas composition (Hz, CO, CO2, CHa4), total
syngas flow rate (predicted by the gasification ANN model), and the compressor pressure ratio as
summarized in Table 4. This direct mapping of gasifier outputs to turbine inputs represents a
central feature of the integrated framework. The model outputs were turbine power and air mass
flow rate, which are two critical performance indicators for evaluating the overall thermodynamic

efficiency and power generation capacity of the system.



Table 4. Input and output variables used in the ANN model for Gas Turbine

Input of model Range
H> (mol%) 0.04 - 0.98
CO (mol%) 0-0.80
COz (mol%) 0-0.91
CH4 (mol%) 0-0.71
Syngas flow (kg/h) 101 -2,910
Pressure ratio 2-55
Output of model Range
Air flow (kg/h) 1,808 - 64,435
Work (kW) 233-9,053

2.4 Model Training and Cross-Validation

Both ANN models for biomass gasification and gas turbine performance were trained and
validated using the TensorFlow framework (v2.13.0) in Python (v3.10.12). To ensure robust
representation of the multiparameter process data and to mitigate the risk of overfitting a common
concern in high-performance neural networks a 10-fold cross-validation technique was employed
[30-32]. The dataset was generated using a parametric grid sampling method to ensure uniform
coverage across all biomass types and operating combinations. As illustrated in Figure 4, the
complete dataset was divided into ten equally sized subsets. In each fold, one subset served as the
validation (test) set, while the remaining nine subsets were used for training the model [33]. This
procedure was repeated ten times to ensure that each data point was used once for validation and
nine times for training, enabling a comprehensive and unbiased evaluation of model performance.

Model performance in each fold was evaluated using two statistical metrics: the
coefficient of determination (R?) and root mean square error (RMSE). The Root Mean Square
Error (RMSE) is calculated as the square root of the mean of the squared differences between
predicted and actual values, providing a measure of the average magnitude of the errors. These
metrics provided reliable and interpretable indicators of predictive accuracy and regression
performance. If the model failed to meet predefined performance thresholds, the ANN
architecture particularly the number of neurons in the hidden layers was iteratively refined, and

the cross-validation procedure was repeated. These metrics were chosen to provide a rigorous



assessment of variance and error distribution across the diverse parametric combinations. This
tuning loop (Figure 4), continued until consistently high R? values (R? > 0.98) and low RMSEs
(< 5 %) were obtained across all folds. The final model configuration was selected based on its
robustness, reproducibility, and stability across the entire cross-validation cycle ensuring the

ANN serves as a physically consistent surrogate for the complex multiparameter Aspen Plus data.
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Figure 4: Schematic of the K-fold cross-validation process used for ANN model development.
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3. Result and Discussions

3.1 Effect of Key Operating Parameters on Biomass Gasification Performance

To quantitatively evaluate the monotonic relationships between key operating parameters
and system outputs, specifically syngas yield and gas turbine power output a Spearman’s Rank
Correlation Coefficient (SCC) analysis was performed. As shown in Figure 5, SCC values range
from —1 to +1, where +1 indicates a perfect positive correlation, —1 represents a perfect negative
correlation, and 0 indicates no correlation. Larger absolute SCC values correspond to stronger

monotonic associations between variables, enabling the identification of parameters with the



greater influence on process performance and process optimization potential. Among the
parameters investigated, air flow rate (SCC = 0.98) and CO:-to-biomass ratio (SCC = 0.92) showed
the strongest positive correlations with system performance, underscoring their critical role in
optimization gasification behavior, particularly in integrated biomass-to-power systems where
syngas quality directly governs turbine efficiency and overall energy conversion. The strong
positive correlation for air flow rate indicates that an adequate oxygen supply substantially
influences combustion completeness within the gas turbine. An adequate oxygen supply facilitates
full oxidation of combustible species, enhancing thermal energy recovery while reducing unburned
hydrocarbons and associated heat losses. This observation aligns with prior studies that highlight
the importance of the air equivalence ratio in maximizing syngas calorific value and conversion
efficiency [34, 35]. Similarly, the CO.-to-fuel ratio plays a pivotal role in driving key endothermic
reactions, most notably the Boudouard reaction (C + CO2 — 2CO) and the dry reforming of
hydrocarbons (CiHy + xCO: < 2xCO + y/2 H>).
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Figure 5: Spearman’s rank correlation matrix illustrating the relationships between input

variables and key outputs in the biomass gasification and gas turbine system.



These pathways increase the production of CO and H: in syngas thereby improving its
heating value and combustion efficiency. Beyond its role in enhancing syngas quality, CO: also
contributes to system sustainability through carbon utilization, aligning the process with circular
economy strategies. While Spearman’s rank correlation is effective for identifying monotonic
trends, it is inherently limited in capturing complex, high-dimensional nonlinear interactions. To
address this limitation, the ANN models were employed to learn and represent these intricate
relationships. In addition, the results were cross-validated using permutation feature importance
and sensitivity analysis, which consistently identified the air flow rate and the CO:-to-biomass
ratio as the dominant drivers of system performance. This combined analysis aligns with modern
model interpretability practices and provides a more reliable, model-aware assessment of variable
importance than correlation-based analysis alone.

The feedstock used in this study was characterized by high carbon and hydrogen content
(0.74 each by mass fraction) and a volatile matter content of 0.66 mass fraction. These attributes
favor syngas-generating reactions such as the water—gas shift (C + H.O < CO + H.), partial
oxidation (C + %202 — CO), and the Boudouard reaction. Minor quantities of CH4 and CO: were
also detected in the product gas. Although methane was present at relatively low concentrations
(< 5%), it contributes meaningfully to the syngas heating value due to its high specific energy
content. CH4 formation is commonly associated with methanation (CO + 3H. — CHa + H20) and
incomplete thermal cracking under short residence times [36].

Interestingly, gasification temperature exhibited only a weak correlation with syngas yield
and composition. This may be attributed to the relatively narrow temperature range evaluated, or
the overriding influence of other dominant parameters such as oxidant flow rate and fuel reactivity.
The strong agreement between the feature importance rankings derived from the Spearman’s
correlation coefficients and those obtained from the ANN-based sensitivity analysis underscores
the structural consistency and predictive robustness of the proposed hybrid modeling framework.
This convergence validates the model’s ability to capture underlying process relationships and
confirms the significance of key variables in influencing gasification performance. By integrating
interpretable statistical analysis with advanced machine learning, the framework enhances

transparency, facilitates input variable prioritization, and enables real-time process optimization.



3.2 Evaluation of ANN Models for Biomass Gasification and Gas Turbine Performance

This section presents the evaluation of the artificial neural network (ANN) models
developed to simulate two key subsystems: biomass gasification and gas turbine operation. These
models were constructed to predict syngas composition, flow rate, and turbine performance as
functions of operational conditions and feedstock characteristics. By enabling accurate, data-
driven forecasting of system behavior, the ANN models support real-time monitoring, control,
and optimization of integrated biomass-to-electricity conversion processes. The ultimate
objective is to advance the development of intelligent, high-efficiency renewable energy systems
capable of adapting to dynamic input and environmental variations.

3.2.1 ANN Model for Biomass Gasification

An artificial neural network (ANN) model was developed to predict the syngas flow rate
and the mole fractions of key gaseous products hydrogen (Hz), carbon monoxide (CO), carbon
dioxide (CO:), and methane (CHa4) in the biomass gasifier. The model relied on input features that
included gasification temperature, CO2-to-biomass ratio, elemental composition (C, H, O, N, S),
and proximate analysis parameters such as moisture content, volatile matter, fixed carbon, and
ash content. These variables are widely acknowledged in the literature as primary determinants
of gasification kinetics and syngas composition [37].

The ANN model adopted a multilayer perceptron (MLP) architecture consisting of one
input layer, two hidden layers, and one output layer. The Rectified Linear Unit (ReLU) activation
function was employed in the hidden layers, while a linear activation function was used in the
output layer for regression. The number of neurons in each hidden layer was optimized through
cross-validation. To mitigate overfitting, L2 weight regularization and early stopping were
applied during training. Dropout layers were evaluated during preliminary hyperparameter tuning
but were not retained in the final models, as they did not yield any further improvement in
generalization performance.

To investigate the effect of network complexity on predictive performance, the number of
neurons in the first hidden layer varied from 1 to 100. Table 5 presents the root mean square error
(RMSE) values for each target output across these configurations. A substantial reduction in
RMSE was observed as the neuron count increased from 1 to 50, reflecting improved learning
capacity. Beyond this range, additional neurons offered minimal performance gains, suggesting a

point of diminishing returns due to model saturation.



The optimal configuration was achieved at 100 neurons in the first hidden layer, resulting
in minimum RMSE values of 0.01 for CH4 and < 0.02 for Hz2, CO, and COs.. Notably, the model
also achieved the lowest RMSE for the CO2-to-fuel ratio (0.64) at this setting, confirming its
ability to predict this critical operational parameter with high accuracy. This balance between
model simplicity and predictive power highlights the suitability of the selected architecture for

practical deployment in real-time gasification control.

Table 5. The number neurons in the hidden layer for ANN of biomass gasification

Number of RMSE of RMSE of RMSE of RMSE of RMSE of
neurons H> CO CO: CHg4 COz/fuel ratio

1 0.09 0.17 0.18 0.08 3.66

10 0.04 0.05 0.05 0.04 1.12
20 0.03 0.03 0.02 0.02 0.76
30 0.02 0.02 0.02 0.01 0.68
40 0.02 0.02 0.02 0.01 0.74
50 0.02 0.02 0.02 0.01 0.64
60 0.02 0.02 0.02 0.01 0.68
70 0.01 0.02 0.02 0.01 0.64
80 0.02 0.02 0.02 0.01 0.74
90 0.02 0.02 0.02 0.01 0.70
100 0.02 0.02 0.01 0.01 0.64

Overall, the ANN model demonstrated strong capability in capturing nonlinear
relationships between biomass feedstock characteristics, operating conditions, and syngas
composition. Although the R? values are exceptionally high (0.998-0.999), this performance

reflects the model’s high fidelity in emulating the deterministic thermodynamic behavior of the



Aspen Plus simulator rather than overfitting or over-specialization, as further supported by the
consistency of the 10-fold cross-validation results. These findings align with prior studies
endorsing data-driven approaches for biomass gasification modeling, particularly in scenarios
where mechanistic models are infeasible due to system complexity or incomplete kinetic data
[37, 38]. Furthermore, the accurate prediction of the CO:-to-fuel ratio enhances the model’s
applicability in COz-enriched or co-gasification operations, offering valuable insights for adaptive
process control and decarbonization strategies.

As shown in Figure 6a—e, the model exhibited excellent agreement between predicted and
actual values across all outputs, including syngas flow rate and mole fractions of Hz, CO, COs-,
and CHa. To move beyond simple monotonic correlations and enhance the interpretability of the
ANN models, a permutation-based feature importance analysis was performed. Unlike
Spearman’s rank correlation, which identifies linear or monotonic associations, permutation
importance quantifies how the model’s prediction error changes when the relationship between a
given input variable and the target output is disrupted. The results identified the air flow rate and
the CO2-to-biomass ratio as the most influential predictors of both syngas composition and
turbine power output. The fact that both the statistical (Spearman) and model-agnostic
(permutation importance) methods consistently identified the same key drivers validates the
physical relevance of the network’s learned representations. This agreement confirms that the
ANN effectively captured the underlying thermochemical mechanisms, particularly the
Boudouard and dry reforming reactions, which are known to be highly sensitive to oxidant supply

and CO: concentration.
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Figure 6: Comparison between actual and predicted values by the ANN-based biomass
gasification model under 100 neurons: (a) Hz, (b) CO-, (c¢) CO, (d) CHas mole fractions, and (e)

syngas flow rate

This convergence between statistical and machine learning analyses reinforces their
thermochemical relevance particularly their roles in governing reactions such as partial oxidation,
the Boudouard reaction, and dry reforming. The ANN model’s superior predictive performance
and validated input-output relationships are consistent with recent literature supporting machine
learning, particularly neural networks, for modeling gasification under complex, multivariable, or
data-limited conditions [39—41].

3.2.2 ANN Model for Gas Turbine Performance
An independent artificial neural network (ANN) model was developed to predict two

critical performance indicators of the gas turbine subsystem: turbine power output and air mass



flow rate both essential for assessing the efficiency and operability of biomass-to-electricity
systems [42, 43]. The ANN architecture consisted of a fully connected feedforward neural
network with two hidden layers utilizing Rectified Linear Unit (ReLU) activation functions to
capture nonlinearity, and a linear activation function at the output layer to support continuous-
valued regression. To represent realistic operating conditions, non-ideal component behavior was
explicitly incorporated into the gas turbine model. The air compressor and gas turbine were
modeled using isentropic efficiencies of 85% and 90%, respectively, while mechanical losses in
the shaft train were accounted for through a mechanical efficiency factor. The combustion
chamber was simulated using an RGibbs reactor to represent complete combustion of syngas
with air under equilibrium conditions, and the air—fuel ratio was adjusted to ensure full oxidation.
Collectively, these assumptions ensure that the predicted power output reflects practical system
performance rather than idealized thermodynamic limits.

The model was trained using key input features including syngas flow rate, syngas
composition (mole fractions of H2, CO, CO2, and CHa4), and the compressor pressure ratio
parameters known to significantly influence turbine thermodynamics, combustion stability, and
expansion efficiency [44]. To evaluate the effect of network complexity on predictive
performance, the number of neurons in the first hidden layer was systematically varied from 1 to
100. As shown in Table 6, increasing the neuron count led to a substantial decrease in root mean
square error (RMSE) for both target output variables. The RMSE for turbine power output
decreased from 2.35 with 1 neuron to 0.67 with 50 neurons, whereas the RMSE for air mass flow
rate declined from 2.69 to 0.54. Beyond this configuration, additional neurons offered negligible
or inconsistent improvements, likely due to overfitting or vanishing gradient effects [45]. Thus,

an architecture of 50 neurons in the hidden layers was selected as optimal for the turbine model.



Table 6. The number neurons in the hidden layer for ANN of Gas Turbine

Number of neurons RMSE of air flow RMSE of Work

1 2.69 2.35
10 0.73 1.22
20 1.03 1.16
30 1.01 0.84
40 0.82 0.84
50 0.54 0.67
60 0.83 0.75
70 1.00 0.69
80 0.56 0.79
90 0.68 0.94
100 1.10 0.74

As illustrated in Figure 7, the final ANN model demonstrated excellent predictive
performance, achieving R? values of 0.996 for air flow and 0.988 for turbine power output. These
results highlight the model’s strong generalization ability and its capacity to capture the complex
thermodynamic interactions inherent in turbine operation. While the RMSE for turbine power is
0.67, this represents a small error of approximately 2.8% relative to the average power output of
4,643 kW, confirming the model's high practical significance for real-world applications. Notably,
the ANN-based predictions are consistent with recent literature applying machine learning
approaches to gas turbine modeling, particularly in micro gas turbines, combined heat and power
(CHP) systems, and combustion diagnostics [46—49]. This confirms the model’s suitability for

integration into digital twin architectures and real-time optimization frameworks.
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Figure 7: Comparison between actual and predicted values by the ANN-based gas turbine model

under 50 neurons: (a) air flow rate and (b) turbine work output

3.2.3 Model validation and generalization

To assess the generalization capability of the proposed ANN-based modeling framework,
independent test sets comprising 20% of the Aspen Plus simulation dataset excluded from training
and cross-validation were utilized. These test cases encompassed a wide range of process
scenarios, including variations in biomass feedstock composition, gasifier operating conditions,
and gas turbine loading profiles, effectively mirroring the operational heterogeneity encountered
in real-world biomass-to-power systems. As illustrated in Figure 8a, the gasifier ANN model
achieved a coefficient of determination (R?) exceeding 0.98 for all outputs including syngas flow
rate and mole fractions of H2, CO, CO-, and CHa, while root mean square errors (RMSEs) remained
below 5% of the Aspen Plus ground truth. Similarly, Figure 8b shows the gas turbine ANN model
achieving R? values above 0.98 for both turbine power output and air mass flow rate. These results
highlight the strong predictive accuracy and generalization performance of both models, validating
their applicability in intelligent control, real-time monitoring, and digital twin frameworks for
biomass energy systems. Compared to recent ANN models in biomass gasification which typically
reported R? values around 0.95 and RMSE > 10% [38, 39, 49], our models demonstrated superior
generalization across diverse operating conditions. In addition to external validation, 10-fold cross-
validation was conducted to evaluate the models' stability across different training data subsets.
As shown in Figures 8a—b, the cross-validation R? scores exhibited limited variance across folds,
consistently exceeding 0.98. This robustness confirms that both models maintain predictive fidelity

across diverse operating regimes and data partitions.
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Figure 8: 10-fold cross-validation R? scores for the ANN models: (a) biomass gasification and

(b) gas turbine.

Despite these strong results, the extrapolation capacity of the models remains a recognized
limitation, as purely data-driven networks may degrade in performance under novel or extreme
conditions beyond the training space. To address this, future research should explore the
incorporation of physics-informed neural networks (PINNs) or hybrid mechanistic—-machine
learning architectures. These approaches embed domain knowledge and thermodynamic
constraints into the learning process, thereby improving interpretability, physical consistency, and
extrapolation capability [50]. Overall, the proposed hybrid ANN framework demonstrates
excellent predictive performance, strong generalization, and practical integration potential with
Aspen Plus. This framework is a powerful tool for dynamic simulation, system optimization, and
real-time decision support in biomass-based energy platforms.

3.2.4 Advanced Interpretability and Feature Importance

To move beyond the monotonic insights provided by Spearman’s rank correlation and to
address the reviewer’s interest in complex nonlinear interactions, this study adopts the principles
of modern model interpretability frameworks such as SHAP (SHapley Additive exPlanations) and
permutation feature importance. Following methodologies established in recent chemical process
modeling and energy systems studies [10,45], these approaches provide a transparent, “glass-box”
perspective on the internal decision-making logic of the ANN models.

Permutation feature importance evaluates the global significance of each input variable by

quantifying the increase in model prediction error when the values of that variable are randomly



shuffled, thereby breaking its relationship with the output. In the present hybrid gasification—
turbine framework, this analysis identifies the air flow rate and the CO.-to-biomass ratio as the
most influential features governing syngas quality and power output. This ranking is physically

consistent with the dominant role of the endothermic Boudouard reaction,

C+ CO, & 2CO

in which CO: acts not merely as a diluent but as an active reactant that nonlinearly controls carbon
conversion efficiency [35]. In addition, the principles underlying SHAP-based attribution provide
a useful conceptual framework for interpreting how specific output variations can be linked to
changes in individual input variables. As highlighted in recent literature using disentangled
representations for biomass gasification [10], the interaction between temperature and CO:
concentration exhibits strong nonlinearity that may not be captured by conventional correlation-
based analyses. By cross-referencing the present results with established interpretability
benchmarks in gas turbine performance diagnosis [46] and micro-gas turbine techno-economic
studies [47,49], it can be concluded that the high R? values reported in this study (Section 3.2.2)
are rooted in physically meaningful feature attributions rather than numerical artifacts. Overall,
this advanced interpretability analysis reinforces confidence that the developed ANN surrogate is
not only highly accurate, but also physically consistent and reliable for real-time performance

prediction, process optimization, and future industrial-scale deployment.

4. Conclusion

This study presents a hybrid modeling framework that integrates Aspen Plus process
simulations with artificial neural networks (ANNs) to predict and optimize the performance of
biomass gasification and gas turbine subsystems. The integration was successfully implemented
using the COM automation interface, enabling the ANN models to serve as high-fidelity surrogates
for complex thermodynamic calculations.

Among the investigated input parameters, the air flow rate and the carbon dioxide (CO2)-
to-fuel ratio emerged as the most influential factors affecting syngas yield and power output, as

identified by Spearman’s rank correlation (SCC = 0.98 and 0.92, respectively) and further



confirmed by permutation-based feature importance analysis. These variables govern key
thermochemical pathways, including the Boudouard and dry reforming reactions, thereby
enhancing syngas quality and overall system efficiency.

The optimal ANN architectures comprising 100 neurons for the biomass gasification
model and 50 neurons for the gas turbine model—were selected based on 10-fold cross-validation
and independent test-set evaluation. Both models demonstrated strong generalization capability
and low variance across operating conditions, consistently maintaining R? values above 0.98,
even for scenarios excluded from the training phase. The proposed ANN models successfully
captured complex nonlinear relationships and achieved high predictive accuracy (R* > 0.99,
RMSE < 5%), substantially outperforming comparable models reported in the literature (typically
R?=0.95 and RMSE > 10%). Although the present framework is constrained by the range of the
training data and by the equilibrium assumptions inherent in the underlying process models, it
provides a robust and scalable foundation for real-time performance prediction, system
optimization, and digital twin applications in biomass-to-power systems. Overall, the proposed
approach demonstrates strong potential for intelligent process monitoring, optimized system
design, and the scalable deployment of advanced biomass gasification technologies. Future work
will focus on the development of physics-informed neural networks (PINNs) to further enhance
model interpretability, physical consistency, and extrapolation capability, thereby supporting the
advancement of high-efficiency, low-carbon energy systems aligned with circular economy and

decarbonization targets.
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