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modeling difficult. Reliable prediction tools also support cleaner energy

limitations. Many studies rely on small, single-site datasets, which limit

publications, leading to inconsistencies in reported results. Validation
strategies are often limited to internal testing, which restricts confidence in
real-world use. These issues reduce model generalization, reproducibility, and
clarity of interpretation. This review examines recent progress in artificial
intelligence and machine learning applied to biofuel production and engine
emission prediction. It summarizes commonly used data sources, including
laboratory experiments and engine tests. The review outlines feature selection
and transformation methods adopted in prior work. It also reviews model
construction strategies and evaluation practices used to assess performance.

Surveyed studies show that ensemble learning methods, neural networks, and physics-informed hybrid models achieve
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high prediction accuracy at laboratory scale. These models perform well for yield and emission estimation under
controlled conditions. At the same time, several persistent challenges remain. Many advanced models show weak
extrapolation beyond training ranges. Model transparency is also limited, which affects trust and interpretability. The
findings indicate that benchmark datasets and consistent preprocessing protocols are needed. Strong external validation
can improve reliability. Incorporating physical constraints into machine learning workflows can enhance stability and
realism. Such practices can support real-time implementation and promote wider use of data-driven prediction tools in
biofuel research and industrial operations.

Keywords: biofuel yield; combustion emissions; machine learning; deep learning; hybrid models; physics-informed ML;
soft sensors

1. Introduction

The precise prediction of biofuel yield, as well as combustion-related emissions, is critical for process
optimization, LCA (life-cycle assessment), and regulatory compliances. The traditional first-principles-based
models still have their virtues, but they usually have difficulty in capturing the complexity and diversity of
biological feedstocks as well as multiscale combustion phenomena. Data-driven Al methods enhance such
models by directly learning nonlinear relationships from experimental and in-service data48. These approaches
are useful for soft sensing, optimization and real process control. Recent studies show an explosive growth in
the application of artificial neural networks, random forests, support vector machines, boosting techniques and
deep learning approaches. These models are used to estimate biofuel yield and emission properties at lab scale
and pilot scale with good predictive accuracy.

Increasing global energy demands and environmental concerns on the use of fossil fuels have lead to
growing attention in renewable energy sources !, Biofuels are attracting significant attention as potential
substitutes to mitigate greenhouse gas emissions and enhance energy security 2. However, wide diversity in
biomass composition as well as complexity of conversion and combustion processes add to the complication
for cost effective production and reducing emissions [*!. More advanced predictive models are needed. Al and
machine learning applications are widely used in the bioenergy chain to aid prediction, optimization and
control . In this review, we discuss the approach being taken to estimate biofuel yield and emissions
prediction using AI/ML technologies. It presents practicability, technological challenges and the direction of
future research as well. Correspondingly, the need for biomass-derived energy is increasing as a result of
concerns about increasing greenhouse gas production ). AI driven models have been successful in addressing
feedstock variability, cost of conversion reduction and enhance the reliability of supply chain ). Such models
are accurate in representing complex processes such as pyrolysis, gasification and combustion . Various
machine learning approaches have been applied to predict bio-oil and gas yield in response to different
feedstock and operational conditions "#. These methods optimize the parameters, lower the synthesis cost
and reduce the waste production ). They have the advantage over classical kinetic models that they can take

(8

into account nonlinear input—output relations 1. Incorporation of multiple data sources also enhances

predictive power in bioenergy systems 4,
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Figure 1. Al framework for predicting and improving biofuel yield and emissions.

Figure 1 shows conceptual relationship of Al and biomass conversion pathways for biofuel yield and
emissions prediction. It emphasizes the role of Al in modeling, design, control and testing of biofuel
characteristics. Machine learning can help in predicting fuel properties as well as end-use performance,
leading to better design and operation of bioenergy systems . The Ensemble Learning methods like Random
Forest work well to predict bio-oil yield from pyrolysis with high determination coefficients [¢, These models
also predict combustion products, a crucial issue for complying with stringent environmental regulations and
obtaining cleaner fuels % Accurate prediction also reduces the number of experiments that must be
conducted, with time and resource savings in research and development activities ['!]. AI-PM enhances biomass
combustion system reliability and stability, extending its operating cycle [’ Machine learning makes it
possible to gain insight into complex biological processes through the exploration of pathways with optimal
processing, minimization of energy consumption, and minimization of waste 2. ML techniques have also
been used to screen for appropriate gasification pathways based on limited data !'¥. Biomass resource
management and supply chain planning is another domain where Al finds application *!. These input—output
relation predictions are laid out by a data-driven trend analysis, forecasting how the input-explanatory
parameters affect outputs including biochar yield and carbon content [, This is beneficial on the efficiency
of biomass conversion and production of value-added biochar for soil amendment, carbon capture 4. Models,
such as XGBoost, for biochar yield and carbon content are good estimate to aid feedstock and operational
decisions U415 AT realizes full-chain optimization to minimize waste, from feedstock to conversion process
(21, strain selection, techno-economic analysis and life-cycle assessment is also supported [!2!. Table 1 explains
the key themes.

In conclusion, machine learning leads to rapid process optimization, minimizes experimental burden and
speeds up next-generation biofuel development at laboratory and industrial scales.



Table 1. Summary of Key Themes in the Introduction

AI/ML . Notable
. Bioenergy Processes Key Advantages .
Aspect Core Focus Techniques Insights from
. Covered Reported .
Mentioned Literature
Importance of ANN, Random
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predicting . Combustion, pyrolysis, . S .
Accurate . . Gradient . . nonlinear relations; studies at lab
o biofuel yield . gasification . .
Prediction 7 Boosting, Deep improved control and pilot scales
and emissions
Neural Networks
. Variability in Hybrid ML— ' . Improved Key barriers
Challenges in feedstock and . Biomass conversion, . include
. physics models, . extrapolation;
Biofuel Systems complex reactor operations . feedstock
X ensemble methods fewer assumptions S
conversion variability
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Prediction biochar, and XGBoost, SVR, fermentation parameter achieve R* >
’ ANN identification 0.85
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Advaqced ' pathway's, hybrids, ML- Microalgae, biodiesel ngh? y.1elds (84— Validated ML
Applications in metabolic based 98%); fewer accuracy for
. . systems . .
Bioenergy fluxes, fuel experimental experiments reaction outputs
quality design

2. Data types, features and pre-processing

2.1. Typical data sources

Research on TPD-based prediction of biofuel yield and combustion emission is based on data from various
steps in biomass fuel production and use. Experiments are mainly based on laboratory-scale data. Such
investigations provide the details of reaction conditions viz., temperature; alcohol/oil ratio, catalyst quantity,
stirring speed, and reaction time for transesterification. In pyrolysis investigations, the most important
variables are heating rate, reactor temperature, particle size of biomass, and type of catalyst. There are a
number of feedstock-specific properties like moisture content, free fatty acid level, elemental composition as
well as ash content which have been taken into the TAB by model or mapping as they significantly impact the
conversion characteristics. Data provided by the engine test benches are necessary for the combustion and
emission analysis. These data contain information on fuel consumption, engine efficiency, and exhaust
emissions (specifically NOx, CO and unburned hydrocarbons) at various loads and speeds ?!1. The experience
from biorefineries and industrial agriculture is informative about the issues at scale-up, including feedstock
variation, environmental impact, and equipment performance 7. Pilot-plant and semi-industrial installations
deliver dynamic data streams for sustained operation. Temperature, pressure, mass flow rate, residence time
and intermediate compositions are measured by sensors. This kind of data may be considered better
representative of actual operating conditions and transients not observed in laboratory tests [, Satellite and
drone-based remote sensing activities have been advocated for gross feedstock evaluation, crop monitoring,
and the estimation of biomass yields on large scale *!!. Public databases and literature report average biomass
composition, conversion yield and environmental performance 32!, Engine testing also comprises stationary
and transient cycles, through the use of inputs such as fuel properties and operational conditions. CFD
simulations contribute virtual data on in-cylinder phenomena and combustion kinematics 3!, There are issues
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related to the measurement uncertainty that need to be resolved in order for interpretation to be reliable 34,
Derived physicochemical properties describe the relationship between feedstock quality and performance.

35371, The literature review

Model transfer is to a great extent determined by the quality and diversity of data
indicates that the preferred approach for model calibration and validation is highly influenced by laboratory
studies and engine/pilot scale measurements. However, remote sensing—derived information such as biomass
availability (from satellite or drone data), crop health indices or spatial variabilities are currently only sparsely
used and mainly limited to feedstock assessment rather than yield / emission prediction. Long-term datasets in
this context of industrial biorefineries or even continuous plants on several sites are also rare. This imbalance
inhibits model generalizability over different regions, seasons or supply chain systems and hinders the seamless

embedding of Al models in real-world system-level decision-making.

2.2. Feature engineering and preprocessing

Data pre-processing is an iterative activity that involves data cleaning and feature engineering. Numerical
variables are commonly normalized or standardized to reduce scale-related bias during model training.
Categorical inputs such as feedstock type, catalyst, reactor configuration, and operating mode are converted
into numerical form using techniques like label encoding or one-hot encoding. Missing values are treated
through imputation methods, including mean, median, mode, or advanced machine learning—based approaches,
to maintain dataset consistency. Outlier detection and treatment are also necessary since extreme values can
strongly influence model performance. Feature selection and dimensionality reduction techniques such as
Principal Component Analysis, recursive feature elimination, and permutation importance are applied to
identify influential variables while reducing feature space, which improves interpretability and reduces

computational cost [!8]. Figure 2 explains the Typical Data Sources for Biofuel Yield and Emission Modelling.
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Figure 2. Typical Data Sources for Biofuel Yield and Emission Modelling

In biofuel research, data scarcity is a common limitation, leading to the use of algorithms suitable for
small datasets or the integration of synthetic and experimental data through multi-fidelity modeling strategies

(121 'When datasets contain many correlated physicochemical variables, dimensionality reduction methods like
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PCA are preferred to retain essential information while simplifying the feature space. Mechanistic model
outputs or pseudo-samples are sometimes added to enhance model robustness. Proper handling of variability
across feedstocks, reactor types, and operating conditions supports the transferability of machine learning

[1.38] Missing data often arise from measurement limitations or

models to stable biofuel production scenarios
equipment issues, and are addressed using mean or median substitution, regression-based imputation, or k-
nearest neighbour methods. Reliable model evaluation requires appropriate validation strategies, particularly
for small datasets, where k-fold or nested k-fold cross-validation is recommended. Incorrect selection of
performance metrics can lead to misleading conclusions regarding model generalization ). Overall, careful
data preprocessing, validation, and dataset design are essential for developing robust and transferable Al

models in biofuel applications [1#4%],

To improve clarity, the feature engineering and preprocessing steps can be viewed as a sequential
workflow. First, raw datasets are screened for completeness, and missing values are addressed using simple
statistical imputation (mean, median, or mode) or learning-based methods when variable interactions are
important. Second, outlier detection and treatment are performed to reduce the influence of extreme or
erroneous measurements, using threshold-based rules or distribution-aware methods. Third, categorical
variables such as feedstock type, catalyst, and reactor configuration are encoded into numerical form through
label encoding or one-hot encoding, depending on model requirements. Finally, numerical features are scaled
using normalization or standardization to ensure balanced learning, followed by feature selection or
dimensionality reduction to retain the most influential variables. This ordered preprocessing sequence clarifies
data preparation and supports consistent and reproducible model development.

3. Machine learning approaches—overview and comparative strengths

3.1. Classical and ensemble methods

Classical machine-learning techniques are still prominently used for yield prediction and combustion
emissions studies, as it performs well on structured tabular data which is often synonymous with this domain.
Linear regression and partial least squares are commonly used to express linear relationships between process
inputs and outputs, since these methods provide easy interpretability for the user that can assist in identifying
key reaction or combustion parameters. They can manage the linear and nonlinear patterns, and they
generalize well even with low data by building optimal decision boundaries or regression functions ). Decision
trees and random forests offer transparent rules (easy to interpret) that serve well for mixed type data and
complex non-linear relationships !'®, Ensemble algorithms such as Random Forest can create more robust and
precise models by integrating multiple decision trees, resulting in lower overfitting and better prediction
generalization 4%, Kernelized SVMs additionally expand the modeling power through non-linear
transformations and often work well on medium-sized data sets. Tree-based and ensemble algorithms have
lower preprocessing needs and can also innately embody feature interactions. Gradient boosting approaches
such as XGBoost and LightGBM iteratively update predictions by learning from residual errors in most crop
yield and emission estimation problems. CatBoost, its strength is categorial-variable-accelerated and reduces
overfit with ordered boosting strategy 2!l In general, when there are uncertainties like noise, multicollinearity
and complex feedstock—process interactions, the ensemble models via random forests (RF) and boosting
techniques feature strong robustness and they obviously outperform regression-based predictions in biodiesel
conversion, pyrolysis products prediction and engine emissions analysis.

3.2. Artificial neural networks and deep learning

ANNs are commonly employed when input—output relationships are highly nonlinear. A feedforward
model and a multilayer perceptron are frequently used for the prediction of ester conversion, for optimizing
the reaction conditions, or even in estimation of combustion emissions. These models approximate complex
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relationships between variables and perform satisfactorily when large datasets from experiments or operations
can be exploited. More recently, research has approached deeper and deeper architectures where convolutional
neural networks process spectral data or chromatographic signals (and more generally structured inputs) as
long short-term memory networks are now appropriate to time-dependent datasets such as for transient engine
cycles. Deep models possess great learning power, but their large complexity and the overfitting effects often
require either big data or ancillary approaches like transfer learning, synthetic data generation or physics-
guided pretraining to avoid this degradation. Hybrid and ensemble models that integrate artificial neural
networks with techniques such as Random Forest, XGBoost have demonstrated enhanced predictive
performance and better generalization power, especially for challenging cases of urban vehicular emissions
431, Meanwhile, a number of studies indicate that they are performing worse than simpler models (such as
Elastic-Net and XGBoost) in some tasks like for NOx prediction 4. Because of the nonlinear character,
artificial neural networks (ANNs) are appropriate tools for such complex thermochemical processes as biomass
gasification and pyrolysis . The knowledge of local and global patterns they can learn qualify them as an
effective tool for large biodiesel dataset with numerous input variables ['®, Multi-input multi-output deep
(Nelson et al.) networks as well find application since they are able to predict on the fly simultaneously biofuel
yield and quality indicators such as viscosity and heating value of the produced liquid, thus avoiding having
multiple separate models and capturing dependencies among targets.

3.3. Hybrid and physics-informed machine learning (PIML)

Hybrid methods combine machine learning with mechanistic or semi-empirical models to enhance the
ability of prediction for biofuel systems. In most industries mechanistic production models are existing where
the model parameters are hard to determine directly. It is employed to estimate missing parameters, learn
residual corrections or infer unobserved states, the latter sometimes in the context of a soft sensor. Research
on biodiesel transesterification and biomas pyrolysis has shown that these kind of hybrid models are better at
capturing experimental trends than purely data driven methods. Physically consistent predictions and lower
data requirement for training have been realized from these models thanks to the incorporation of domain

[7,21]

knowledge .

Physics-informed machine learning takes this a step further and, in addition to training with the constraint
relationships that underpin first-principles models (mass and energy balance or reaction kinetics), one trains
explicitly using physical laws. This way of thinking is becoming important in the context of combustion and
thermochemical modeling, where the extrapolation from training domain has to be physically based for reliable
predictions. The physics-informed models are robust in the face of limited data and also easier to interpret so

1849 Tn biomolecular conversion research,

that they can be used for real-time monitoring as well as control !
machine learning approaches and thermochemical models can be integrated to create an interpretative model
for understanding and optimizing the process 1. The combination of machine learning and CFD in biomass
gasification has also demonstrated enhanced prediction accuracy as well as computational efficiency in which
re-action kinetics are embedded to the simulator ). Such a tight coupling between physics-based models and

ML reduces the experimental need and increases generalization for complex, multiscale biofuel processes [47-
48]

Most of the hybrid and physics-informed Al models in the literature are validated at lab, pilot plant, or
simulation scale rather than against full industrial systems. Some papers show application to pilot plants,
continuous reactors or engine test rigs that resemble industrial conditions and improve stability and
generalization with respect to purely data-driven models. However, few large-scale industrial verification
cases are available until now since many implementation aspects such as data availability and integration
complexity or computational capacity constrain the validation of balancing mechanisms: most applications



are either pre-industrial or semi-industrial at present. Table 2 explains the Overview and Comparative

Strengths of Machine Learning Approaches.

Table 2. Overview and Comparative Strengths of Machine Learning Approaches

Common
Approach Representative Typical Key s Remarks from
Category Methods Data Scale Core Strengths Limitations Appllca.tlon Reported Studies
Domains
Simple §trucmre, Poor Preliminary
. Small to high . .
Classical . . . . representation of yield Commonly
. Linear medium, interpretability; . J
Regression . nonlinear estimation; adopted as
Regression, PLS structured useful for e . .
Models e effects; limited variable baseline models
datasets sensitivity o .
. predictive power screening
analysis
Strong Computational
. generalization; cost increases Biodiesel yield
Support . Medium- . . S Stable
SVR (linear, . effective for with dataset prediction; .
Vector . sized . . . performance with
RBF, polynomial) nonlinear size; kernel emission .
Methods datasets . . . L limited data
relationships; selection estimation
robust to noise required
. Captures Single trees
Mixed Pt & Feedstock
. nonlinear prone to . X
.. numerical . . . classification; Random Forest
Tree-Based Decision Tree, interactions; overfitting; . . .
and . combustion and  improves stability
Models Random Forest . interpretable ensembles .
categorical . pyrolysis and accuracy
feature increase .
data . ) modeling
importance computation
. - Emission
Gradient XGBoost, Medium to High prediction Requires careful prediction; Often
. . accuracy; strong . . outperforms ANN
Boosting LightGBM, large . tuning; risk of product
nonlinear . SR for NOx
Models CatBoost datasets . overfitting distribution o
handling . prediction
modeling
Learns complex Sensitive to data Ester
Shallow Medium to nonlinear size: tunine and conversion; Effective for
Neural ANN, MLP large mappings; i s gasification and  thermochemical
. overfitting .
Networks datasets flexible . pyrolysis systems
. issues
architecture processes
Large Temporal and Time-series
Deep CNN, LSTM, datasets or  spectral learning; High d.a ta' crission Not al.ways
Learning . demand; limited  modeling; fuel superior to
MIMO networks ~ augmented multi-output . e .
Models - interpretability property simpler models
data capability .
prediction
. Pyrolysis
Hybrid & . Moderate Phys.lcally Complex kinetics; Improved
. Hybrid ML— . consistent : .
Physics- . data with - formulation; combustion robustness
mechanistic, . predictions; . . .
Informed physical . requires domain soft sensors; through physical
PINNs . improved ) .
Models constraints . expertise reactor constraints
extrapolation .
modeling

The ML model selection is process dependent and related to the available data. Pyrolysis has pronounced

nonlinear effects from feedstock properties and operating conditions, whose yields and product distribution
can be predicted by ensemble tree models or neural networks. Structured operating condition-based engine
combustion and emission studies could be suitably handled by SVR/boosting with their consistent
generalization capability, while LSTM is more suitable for time-dependent emissions estimation. Hybrid or

physics-informed frameworks in the form of gasification and combustion are to be preferred, with

consideration of mass and energy balance constraints for robust prediction under scarce data. In general, studies

have shown that the models’ performance is process dependent with some common model—process
combinations found but not one model which performs well for all biofuel application.



4. Model evaluation and benchmarks

For clarity, validation strategies used in biofuel yield and emission modelling can be grouped into distinct
categories based on their purpose and data structure. Cross-validation methods, including k-fold and nested
cross-validation, are primarily used to assess model stability and reduce optimistic bias during model selection,
especially for small laboratory datasets. External testing involves training models on one feedstock, reactor
configuration, or operating condition and evaluating them on an independent dataset, providing a realistic
measure of generalization to unseen systems. Rolling-window evaluation is applied to time-series data, such
as transient engine or continuous reactor operation, where models are trained on historical data and tested on
sequential future windows to assess temporal robustness. This structured presentation helps distinguish the
role of each validation approach and clarifies their relevance to different biofuel modelling scenarios.

4.1. Common metrics

Model performance in biofuel production and emission prediction is commonly assessed using regression
or classification metrics, depending on the nature of the output. In regression tasks, the coefficient of
determination (R?) is frequently reported to indicate the proportion of output variance explained by the model.
Root mean squared error is widely used because it reflects the average prediction error while assigning greater
weight to large deviations. Mean absolute error provides a direct measure of average error magnitude, while
mean absolute percentage error is useful for expressing errors in relative terms, especially when variables span
different value ranges. Alongside these metrics, residual analysis and uncertainty assessment are important for
evaluating model reliability and identifying regions of poor performance, particularly in systems with variable
biomass composition and complex thermochemical behavior 1!,

For classification tasks, such as fuel quality grading or operating range identification, accuracy, precision,
recall, and F1-score are typically employed. Accuracy gives an overall measure of correct predictions, while
precision and recall describe class-specific behavior. The Fl-score is especially relevant for imbalanced
datasets or when both false alarms and missed detections are critical. In multi-output prediction problems
involving parameters such as yield, viscosity, density, or emission factors, relative error measures like average
percentage error and root relative squared error are preferred because outputs differ in scale . Consistent
selection and reporting of performance metrics, such as normalized R? and RMSE, are necessary to allow
meaningful comparison across studies ). For multi-output models, aggregated loss functions are often adopted,
where individual errors are combined using weighted schemes or task-specific scaling to ensure that outputs
with different units and ranges contribute appropriately during model training.

4.2. Validation practices

Rigorous validation is essential for reliable prediction of biofuel production and emission models. Recent
studies frequently apply nested or double-nested cross-validation to clearly separate model selection from
performance assessment, which reduces optimistic bias. External hold-out validation is also common, where
models trained on one feedstock, operating condition, or reactor configuration are tested on independent
datasets. This approach provides a realistic estimate of performance when models are applied to new biomass
types or plant designs. In cases of limited data availability, leave-one-out cross-validation is used, though it
becomes computationally demanding for large datasets. For time-series data, rolling window validation is
recommended to properly assess temporal stability and predictive consistency. Across all validation strategies,
strict prevention of data leakage is necessary to ensure unbiased evaluation .,

Uncertainty quantification is receiving increasing attention in this field. Techniques such as prediction
intervals, bootstrap resampling, and ensemble variance are employed to express confidence in model outputs
and to identify unreliable predictions. These methods are particularly useful when training data are scarce or
when operating conditions vary widely. Standard k-fold cross-validation remains a widely adopted approach
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for robust performance estimation by repeatedly training and testing models across different data partitions -
521, Literature also reports that some models achieve high R? values on single-site datasets but show poor
generalization when applied to different feedstocks or reactor systems. This observation highlights the need
for large, multi-site datasets and blind validation strategies. Models trained on heterogeneous data are more
likely to achieve strong generalization, which is essential for industrial deployment [!],

5. Applications and case studies (Summarized Examples)

5.1. Biodiesel transesterification

Several works show the ability of Al methods to reckon the methyl ester formation in a transesterification
process. Artificial neural networks (ANN), adaptive neuro-fuzzy inference systems (ANFIS) and response
surface methodology (RSM) coupled with machine learning have been extensively implemented. These
models consider methanol-to-oil molar ratio, catalyst concentration, mixing rate and retention time as the major
reaction parameters. They perform well in laboratory data sets for which they predict with high accuracy
capturing nonlinear combinations of process variables poorly described by classical kinetic models. In some
case studies, the models based on ANN and ANFIS were able to predict ester conversion of transesterification
reaction with small errors and researchers could find near optimal operating point without performing many
experimental trials.

5.2. Pyrolysis product distribution

Machine learning techniques have been used to estimate the product distribution of bio-oil, char and
syngas in biomass pyrolysis. Typical approaches are random forests and deep neural networks that are capable
of capturing complex interactions between biomass composition, reactor temperature, heating rate, particle
size and vapor residence time. The results of feature importance analyses frequently identify temperature,
heating rate and feedstock composition as the most important variables. This trend extends across multiple
datasets, demonstrating the utility of ML for divining the nuanced process—property relationships which drive
tune-ability in operation and feedstock selection. Deep architectures have also demonstrated potential for
processing high-dimensional inputs signals such as spectroscopic signatures of biomass.

5.3. Engine combustion and emissions

Multilayer perceptron (MLP) and ensemble are employed to predict combustion outputs and emission
contents including NOx, CO, HC, smoke opacity as well as particulate matter for studies on biodiesel blends

(26271 The models take many inputs, such as engine load and speed, fuel injection

and engine performance
timing, exhaust gas temperature and the properties of the fuel. They are predictive over steady state and
transient operating conditions. Some literature includes response surface methodology (DoE) to minimize the
number of engine test while having its operability region widely covered. This DoE, ML hybrid approach is
beneficial to find blend ratios that achieve a balance between the performance and emissions of the engine

using biodiesel blends and presents a practical method for the analysis of utilisation of biodiesel in CI engines.

6. Challenges and limitations

6.1. Data scarcity and heterogeneity

The biofuels studies greatly depend on experimental data, which are generally small as well as collected
over limited ranges of operation. There are still limited public benchmark datasets, that have precluded
systematic comparison of modelling approaches. Several of the reported models are calibrated for laboratory-
scale experiments with particular slurry or catalyst types or engine conditions in mind. In practice, closely
associated biomass species, types of transesterification chemistry and reactor design/fuel modification
approaches or engine designs may be missing in the data sets. Consequently, the models trained on one
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feedstock or equipment package have low transferability, leading to a chasm between laboratory success and
industrial performance. When data are sparse and diverse, the need for appropriate imputation or variable
selection increases. Literature shows that imprecise treatment of missing values and outliers fosters overfitting
and degradation in generalization across feedstocks/operating conditions.

Data Scarcity & Interpretability
Heterogeneity
* Small datasets
* Narrow ranges
= No benchmarks
* Limited transferability

* MNeed transparency n
safety-critical systems

+ Limited link to
physical theory

ML in
Biofuel
Research

Standardization &
Reproducibility
+ Latency limits
* Embedded hardware

Generalization &
Extrapolation
* [Instable cutside

training domain constraints
* Sensitive to nonlinear * MNoise robustm ess
shifts * Offline models unstable
* Sparse data affect in real time

PIML stability

Figure 3. Key Challenges and Limitations in Applying Machine Learning to Biofuel Research

The elements in Figure 3 are included to visually consolidate the key limitations identified in current
machine learning applications for biofuel research. Data scarcity highlights the dependence on small, single-
site experimental datasets, which restricts model robustness. Limited generalization reflects the difficulty of
applying trained models to new feedstocks, reactors, or operating ranges. The interpretability component
emphasizes concerns related to black-box models, which limit physical insight and industrial trust. Issues
related to standardization and real-time deployment point to practical barriers in transferring laboratory-scale
models to operational systems. Together, these elements explain why gaps persist between reported model
accuracy and real-world applicability.

6.2. Generalization and extrapolation

Data Analysing the experiments A common finding in all studies is that purely data driven models often
behave erratically when they are presented with conditions outside the domain on which they have been trained.
This is especially evident in pyrolysis and engine emission prediction, where small variations in temperature,
or fuel composition can result in a nonlinear shift of an output. Hybrid methods and physics-informed ML
(PIML) also serve to include constraints due to reaction kinetics, mass balances or combustion theory, thus
enhancing stability. Nevertheless, good extrapolation is difficult to achieve in practice, particularly with
relatively low numbers of samples or when the underlying physical processes are highly nonlinear and
characterized by multi-step reactions. Besides, the chemical makeup of different biodiesels and the diverse
operation conditions of engines greatly enlarges the difficulty in precisely predicting and generalizing 532,
Nevertheless, particular issues of anomalies to the accuracy prediction and potential overfitting in models such
as XGBoost remain outstanding and require better optimization using methods such as feature selection,
model tunning or coupling with DEEP learning in order to get significantly improved performance for practical

scenarios [93-¢7],
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6.3. Interpretability

Transparency models are often sought by industrial users, regulators, and process engineers who want to
understand the reasons for a prediction. This is particularly evident in safety-critical domains such as
combustion or reactor control. To interpret, you use tools such as ranking of feature-importance, partial
dependence plots, values and surrogate models. Although these approaches are valuable, they often do not
provide mechanistic descriptions that can relate back to the underlying chemistry, thermodynamics or flow
physics. Closing this gap is an important open problem. For example, the black-box nature of many
sophisticated machine learning models (such as deep neural networks), often restrict their use directly in
industrial settings where understanding causality is a must for optimizing and troubleshooting processes [6*-
731, This gap in interpretability compels one to trade off between prediction accuracy and model transparency,

that is already an issue especially in domains that depend on validity and causal information 7*%2],

6.4. Standardization and reproducibility

Discrepant preprocessing steps, model architectures, hyperparameter choices and validation procedures
hinder the comparison with other studies. Some publications present only R? for one train—test split, whereas
others employ cross-validation or external validation. Reproducibility is also hampered by differences in the
recording of metrics, and patchy documentation of experimental conditions. This lack of standardization is a
barrier to the creation of benchmarks that can be used with confidence as references to compare machine

83-93] Developing common evaluation metrics and benchmark databases

learning methods in biofuels research !
could also help to mitigate these problems, thus enabling engineers' research in fair and comparable grounds.
Further, since the laboratory-scale data-trained ML models are heavily used at large scales with limited dataset
or little margin to train these models, effective extrapolation techniques and solid uncertainty quantification is

needed for stability and accuracy 1%,

6.5. Real-time deployment constraints

For applications like engine control, process monitoring or soft sensing constraint-intensive even low-
latency and -computing predictive models are essential. Models have to react fast, be robust against sensor
noise and capable of real-time conditioning. A large number of deep learning models trained in simulation
fail to retain robustness once they are transferred to embedded systems or control hardware. It remains a
practical limitation to obtain high prediction accuracy while maintaining the real-time requirement, particularly
for complex models that utilize extensive sets of features or time-series inputs. Such obstacles are frequently
tackled by model quantization, pruning, and distillation approaches that reduce the complexity of DNN without
a substantial degradation in linear classification (this allows their use in real time industrial systems [103-108]),
Moreover, the elusive nature of complexity in the decision-making process of complex Al models (as those
employed for prediction of biofuel yield and combustion emissions) may hamper their utility to support new

scientific discoveries and discover new insights [1%%-116],

Limitations related to data scarcity and model generalization have been reported in several published
studies and have direct implications for real-world application. For example, many pyrolysis yield models
trained on single-feedstock laboratory datasets show high accuracy under controlled conditions but perform
poorly when applied to different biomass types or reactor configurations, leading to large prediction errors
during scale-up. Similar issues are observed in engine emission prediction, where models calibrated using
steady-state test data fail to capture transient driving conditions, resulting in underestimation of NOx and
particulate emissions in practical engine operation. Studies on biodiesel transesterification also report that
models developed with narrow ranges of alcohol-to-oil ratios or catalyst concentrations exhibit limited
transferability to industrial-scale reactors. These examples demonstrate that insufficient data diversity and
weak external validation can restrict the reliability of machine learning models beyond the experimental
domain.
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7. Research gaps and recommended directions

7.1. Public, multi-site benchmark datasets

The development of common well documented data sets across variety feedstocks, equipment reactors
types and engines platforms is by itself an important seed. Each data set should be accompanied with
standardized metadata: sampling protocols, sensor calibration, units and experimental uncertainties) and
versioning. Such resources would facilitate the making of reproducible comparisons, transfer learning, and
prevent an overfitting to single-site specificities. Offering: Raw time series, derived physicochemical features,
categorical labels for process configuration and clear provenance information.

7.2. Rigorous external validation protocols

Normalise external validation, rather than as an anomaly. Standard schemes should involve
leavefeedstock- out and leave-site-out splits, temporal holdouts for sequential processes, as well as blind
challenges where participants predict heldout datasets. Nesting cross-validation as well as hyper parameter
tuning help diminishing optimistic bias. Reported results must provide calibration diagnostics and ranges of
uncertainty, not just point estimates.

7.3. Uncertainty quantification and risk-aware reporting

Promote the standard inclusion of uncertainty estimates in model outputs. Quantify epistemic and
aleatoric uncertainty with prediction intervals, Bayesian approximations, ensemble spread or conformal
prediction. Report your current amount of uncertainty alongside the point predictions in papers and in any
interface you deploy. This enables risk-conscious decision-making in the process control and regulatory
environment.

(1) Public Multi-Site
Benchmark Detasters

+ Diverse feedstocks.

feactors, engines

(1_0) 9"?55 - + Standard metadata
Disciplinary and callbration
Testbeds

+ Raw time series

+-derived-features

» Chemists + engineers
+ ML + regulators

* Shared tasks and
scoring rules

(9) Real-Time Research
& Embedded Gaps & Future
Deployment Directions
* Latency and hardware in ML for Biofuel
limits. :
» Drift tolerance Modellmg
+ Fall-safe
strategies  (8) Standards
for Preprocessing
& Reporting

(7) Lifecycle

+ Clear rules for scaling. & Multi-
encoding, missing 2 i
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Integration
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seeds release * Link ML with LCA/TFA
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Figure 4. Research Gaps and Future Directions in Machine Learning for Biofuel Modelling

13

(2) External
Validation
Protocols

+ Leave-feedstack-out;

leave-site-out

» Temporal holdouts
» Blind prediction challenges

+ Calibration checks
and uncertainty

(3) Uncertainty
Quantification
* Mechanistic + ML residual
learning
* Learn missing kinetic/
transport terms
Penalize conservattion-
law-violations

(5) Physics:
Aware Hybrid

Modelling

* Mechanistic + Awil

residual learning

+ Learn missing
kineticf
transat
terms



Figure 4 is designed to map the identified challenges to concrete research directions. The focus on
benchmark and multi-site datasets addresses data heterogeneity and reproducibility issues. Physics-aware and
hybrid modelling approaches respond to generalization and extrapolation limitations. Uncertainty
quantification and explainable models are included to support reliable decision-making and regulatory
acceptance. Directions related to transfer learning, lifecycle integration, and real-time deployment reflect the
need to move from isolated predictions toward scalable, system-level solutions. Each visual element thus
represents a targeted response to limitations discussed earlier, guiding future research priorities.

7.4. Physics-aware hybrid modelling

Novel hybrid techniques that closely integrate low-dimensional mechanistic models with data-driven
methods. Exploit ML to train residuals, estimate poorly known kinetic parameters or replace with data cheaper
sub-models. Develop loss functions which punish deviations from conservative laws and/or impose the
physics. ASTs should be evaluated for extrapolation capability against interpolation accuracy.

7.5. Domain-specific explainability

Create explain ability techniques that can map model behaviour to chemically/physically interpretable
quantities. This encompasses rule extraction techniques that generate surrogate kinetic-like relationships, goal-
oriented SHAP analyses focussed on thermodynamically feasible directions and visual analytics components
that connect feature importance with reaction pathways or transport processes. These are the tools that will
help to achieve regulator approval and engineer confidence.

7.6. Transfer learning and few-shot adaptation

Create workflows for adapting pertained models to new feedstocks or equipment using minimal new data.
Explore meta-learning, domain-adaptation, and physics-guided fine-tuning to reduce experimental burden.
Publicly release pertained model weights and documented fine-tuning recipes to accelerate adoption.

7.7. Lifecycle and multi-objective integration

Integrate ML predictions into broader sustainability assessments. Couple yield and emissions models with
lifecycle assessment (LCA) and techno-economic analysis (TEA) to enable multi-objective optimization that
balances environmental, economic, and operational goals. Provide standardized APIs and data formats so ML
models can plug into LCA/TEA tools.

7.8. Standards for pre-processing, reporting, and reproducibility

Define community guidelines for pre-processing steps (missing-data handling, scaling, encoding), model
reporting (hyper parameters, code, random seeds), and metric selection. Encourage publication of code, trained
models, and minimal runnable examples. Standardized reporting will facilitate meta-analyses and accelerate
progress.

7.9. Real-time and embedded deployment studies

Research practical constraints for deploying models in control loops: latency, robustness to sensor drift,
explainable fail-safe modes, and model update strategies. Publish case studies that document hardware choices,
quantifiable latency budgets, and resilience tests under noisy sensor inputs.

7.10. Cross-disciplinary testbeds and benchmarks

Establish collaborative testbeds that unite chemists, process engineers, machine learners, and regulators.
Run community benchmark tasks with defined scoring rules (accuracy, calibration, computational cost,
interpretability) to surface practical trade-offs and accelerate translation.
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8. Conclusion

This review considers the state-of-the-art in applications of Al & ML to predict biofuel yield and
combustion emissions throughout processes from biomass conversion to use in engines. The reviewed works
show that the data-driven models, which include ensemble learning techniques, artificial neural networks, and
physics-informed hybrid models are able to capture nonlinear interactions between feedstock properties,
operating conditions and performance indicators. Under laboratory or pilot-scale conditions, these strategies
generally demonstrate high predictive accuracy and less reliance on time-consuming experimental trials for
accelerating process optimization and parameter screening However, some structural constraints are still
apparent. The majority of the models cited here are trained on small datasets from a single reactor location and
have limited operational ranges, making transferability across feedstocks, reactors, and engine platforms
difficult. In addition, such reproducibility is impeded by differences in data preprocessing, featured
engineering and validation setups that prevent fair comparison across studies. High reported R? values
frequently indicate overfitting of the model to internal validation as opposed to actual generalization and
models tend to perform poorly in applications outside their training scope or under dynamic industrial
conditions. The review suggests that the next advances will come from improved modelling practice, rather
than more sophisticated algorithms alone. The creation of multi-site benchmark datasets, utilization of
stringent external validation, and the incorporation of uncertainty quantification will be necessary. Hybrid and
physics-informed models have achieved notable results by incorporating mass, energy or kinetic constraints
that can lead to better extrapolation and more interpretable outputs given limited data. Real-time deployment
issues and standardized reporting guidelines will also aid practical application. With the integrated approach,
Al prediction tools prove to be a good supplement for traditional models in the field of biofuels. With
improved data sets and validation, such approaches can underpin dependable decisions for sustainable biofuel
production and control of emissions.
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