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A B S T R A C T

Smart biorefineries, integrating artificial intelligence (AI), machine learning (ML), chemometrics, and digital 
monitoring technologies, have gained attention as tools to address limitations in large-scale biorefinery imple
mentation. Here, a decade-long (2014–2025) bibliometric analysis was conducted to evaluate their evolution and 
identify current trends. The results indicate an increase in research activity since approximately 2019, with AI 
and ML applications becoming progressively more frequent. Smart methods are applied across eight main pur
poses, including process modelling, optimisation, parameter selection, sample characterization, decision making, 
climate or spatial monitoring, and automation. Artificial neural networks are the most frequently applied tools, 
together with established chemometric approaches such as principal component analysis and response surface 
methodology, while methods such as random forest and support vector machines have gained relevance in recent 
years. The analysed applications mainly target lignocellulosic biomass, agricultural residues, and microalgae, 
focusing on the production of platform chemicals and biofuels. The reviewed studies show that smart methods 
can support process optimisation and predictive control and may contribute to sustainability-oriented strategies. 
However, most applications are concentrated in process optimisation and modelling, with limited imple
mentation in automation and system-level integration, and only a minority of studies incorporate quantitative 
sustainability assessment tools such as life cycle analysis or techno-economic evaluation. Key challenges remain 
related to data availability and standardisation, as well as limited consideration of model robustness, inter
pretability, and environmental trade-offs.

1. Introduction

The world faces numerous interwoven sustainability issues such as 
environmental pollution, climate change, waste disposal, natural 
resource depletion and food insecurity. Circular bioeconomy can play an 
important role in addressing several of these interconnected crises by 
integrating renewable resources with circular economy principles to 
sustainably produce goods, energy and materials while minimising or 
ideally eliminating waste and environmental impacts [1,2]. With 
improved resource efficiency, the dependence on fossil resources can be 
reduced and greenhouse gas emissions can be lowered. As is well known, 
the establishment of green chemistry, and also sustainable chemistry 
laid a fundament for the further development of the biorefinery concept 
[3]. Biorefineries are the major facilitating strategies to transform 

biomass from numerous sources such as waste and by-products from 
agro-industry, forestry, aquaculture and fishery into biofuels, bioactive 
chemicals, and biomaterials [4,5]. The concept of biorefineries became 
popular in the scientific literature in the late 1990s, focusing on the 
integrated processing of renewable resources for the production of a 
range of bio-based products and energy [6,7]. Since then, the biorefinery 
approach has evolved and expanded, becoming a central theme in sus
tainable development and renewable energy research.

The Biorefinery Action Plan by the European Commission 2005 
further popularised and defined biorefinery, within the European 
Union’s renewable energy and sustainability strategies [8]. Different 
trends have shaped biorefinery research over time. Initially, integrated 
biorefinery systems showcased closed-loop systems where all biomass 
components were valorised, minimising waste or hybrid systems, 
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combining biochemical and thermochemical processes to optimise 
resource use and product diversity. More recently, waste valorisation 
concentrating more on converting agricultural and industrial waste into 
valuable products has been discussed [4] and the latest development is 
the concept of smart biorefineries that integrate digital technologies, 
such as internet of things (IoT) and artificial intelligence (AI) to optimise 
processes, enhance energy efficiency, and monitor sustainability metrics 
in real-time [9].

Biorefineries are often complex systems including chemical, physical 
and biological interactions that require optimising different parameters, 
with varying conditions (e.g., biomass properties). Selecting optimal 
operational conditions, as well as monitoring process and product 
quality can become demanding and it is in many cases still a hindrance 
to a large-scale application [10]. A crucial factor for the success of 
biorefinery concepts compared to conventional fossil fuel-based pro
cesses is cost competitiveness [9]. With this in mind, biorefineries 
should be built on the basis of a production and business model that 
makes efficient use of available resources, as non-edible waste or un
avoidable food ones, for instance, and an optimal logistics network for 
the highest possible production yield, lower costs and a lower environ
mental impact.

Chemometric tools have been successfully used to optimise different 
analytical methods. For example, with different design of experiments 
(DoE) approaches, parameters can be optimised with a limited number 
of experiments to reduce the time-consuming and expensive experi
mental work. However, recent rapid developments in the field of AI and 
machine learning (ML) have opened up new possibilities for data pro
cessing and raised hopes of finding comprehensive solutions to existing 
difficulties, thereby driving the market penetration of biorefinery con
cepts. AI tools can analyse large volumes of data in a very short time, 
identify patterns and provide accurate results that could help to increase 
the productivity of the bio-based process. In the initial stages of devel
oping new biorefinery production models, such tools can aid in finding 
optimal solutions of parameter settings estimated through the interre
lationship and combined evaluation of all relevant variables. In the 
operational phase, they can also be useful for forecasting production 
results that are difficult to predict, helping to implement logistics and 
automation effectively, and anticipating errors and anomalies that 
favour immediate corrective action [9]. According to Culaba et al. 2022 
[11] to create a smart biorefinery system, AI models that partially or 
completely control operations need to be embedded. Integrating 
industrial-grade microcomputers, multiple low-powered sensors, scan
ners or cameras into the system can provide real-time data acquisition, 
which are needed for decision-making systems. Current tendencies of a 
smart biorefinery system include a dense technology-cored system but 
through AI, specifically bio-inspired and evolutionary algorithms, which 
can be further optimized. In addition, computer vision combined with 
deep learning enables rapid, non-destructive (minimal-
sample-preparation) identification of feedstock signatures, which are 
key inputs for decision-support systems.

In this context, the main aim of this work is to address recent ad
vances related to biomass valorisation into renewable energy, chemicals 
and additional products through chemo-catalysis, bio-catalysis and 
digital strategies within smart biorefinery concepts. Although green and 
sustainable chemistry and, more recently, AI and ML have attracted 
increasing attention in biorefinery research, the existing literature re
mains highly fragmented. Most studies focus on individual case appli
cations or specific algorithms, while a systematic and critical overview 
linking AI/ML methods to their concrete roles along the biorefinery 
workflow is still lacking. It remains unclear how different smart ap
proaches are distributed across process modelling, optimisation, evalu
ation, decision support or sustainability assessment, and how these 
applications relate to feedstocks and products. To address this gap, a 
decade-long (2014–2025) bibliometric analysis was conducted to 
examine the evolution of biorefinery research trends and to verify the 
rise of smart biorefinery concepts as a distinct research direction. The 

use of AI and ML tools is analysed, and their application purposes are 
categorised, providing a structured overview of methods and use cases. 
This approach enables a critical comparison of current practices and 
supports the identification of limitations and future research priorities in 
smart and sustainable biorefineries.

2. Methodology for bibliometric analysis

2.1. Data collection

Scopus, Web of Science, Science Direct and Google Scholar were used 
as databases to search for references. Table 1 shows an overview of data 
collection and filtering procedure. Data set A includes all publications 
including the term biorefiner* (e.g., root term for biorefinery, bio
refineries) to employ analysis on the general trends in the research field. 
For data set B, the search was narrowed down with the search terms 
shown in Table 1 to analyse smart biorefinery and green and sustainable 
concepts. For both data sets only English publications within a ten-year 
period (2014–2025) were included. Review articles were not considered 
as these already display summaries of applied methods that may lead to 
double counting in later bibliometric analysis.

In a next step, all abstracts and, when necessary, full texts were 
manually screened by the authors following predefined exclusion 
criteria; 1) out of scope: for example, some publications did not apply 
any ML methods, but only mentioned them in some way or used the term 
smart in another context; 2) reviews/opinion paper: even though review 
articles were excluded previously in the search, several reviews or 
general opinion paper remained in the data set that had to be excluded 
manually. In this way, it was assured that only studies with practical 
implementation of ML and biorefinery approaches were considered for 
data evaluation. 29 publications were excluded from the list and 44 
publications remained for further literature analysis. However, reviews 
or general discussion papers were considered for general discussion of 
the topic.

2.2. Systematic literature search

To analyse research trends over the past 10 years and observe the 
upcoming tendency of topics, the occurrence of selected keywords in the 
title, authors keywords or abstracts of publications was systematically 
searched. Each publication was counted only once, also if the keyword 
was mentioned several times in the title, keywords and abstract. For 
time trend analysis, the publication years were extracted and the mean, 

Table 1 
Summary of search strategy and resulting publication sets.

Data 
set

Search terms Filters applied Publications 
(N)

Purpose

A Biorefiner* Years 
2014–2025; 
English 
language; 
Articles only 
(no reviews)

22,337 Bibliometric 
analysis

B Biorefiner* AND 
(“machine 
learning” OR “AI” 
OR “artificial 
intelligence” OR 
“smart” OR “big 
data” OR 
“chemometr*”) 
AND (green* OR 
sustain*)

Years 
2014–2025; 
English 
language; 
Articles only 
(no reviews)

74 Bibliometric 
analysis

C Subset selected 
from Data Set B 
after abstract/full- 
text screening

Exclusion 
criteria: out of 
scope; reviews 
removed

44 Categorisation 
and literature 
analysis
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median, minimum, maximum, first- and third quartiles (Q1/Q3) were 
calculated to create boxplots. The boxplot representation gives the 
possibility to visualise the timewise development of the usage of certain 
search terms in the literature, which is assumed to correlate to the 
application of the corresponding algorithm, methodology, biomass 
resource or biorefinery product in the studies. The min and max show 
when a term first occurred in the literature and if it is still used. The 
position of the box, limited by the first and third quartile, gives an 
impression of the time span in which a term was mainly used and the 
mean and median show at what time a certain term was most popular. 
The frequency of occurrence of the terms is indicated by colouring. The 
selection of keywords was based on the initial analysis with the R bib
liometrix package [12] and the trend topic analysis algorithm. The 
search terms that were most often mentioned on general biorefinery 
trends were used for data set A. For data set B, different terms associated 
to different chemometric, and AI methods were selected.

2.3. Literature analysis and categorization

To analyse the application of different AI or ML methods in detail, all 
44 publications of data set C were categorized. First, all methods, that 
were used were listed and number of applications were counted. 
Different categories on the purpose of the application of the methods 
were identified, and all publications were assigned to these: process 
modelling, evaluation and optimization, parameter selection, sample 
characterization, decision making, climate/spatial monitoring and 
automation. In a next step, further categories for used resources (Mac
roalgae; Animal Fat; Food/Municipal Waste; Waste Oil; Microalgae; 
Agricultural Residues; Biomass; Lignocellulose) and products (Platform 
Chemical; Biofuel; Biodiesel, Biochar, Bioactive compounds; Energy; 
Materials) were identified and assigned to the publications. Then, as
pects of sustainability of the proposed biorefinery concepts and the role 
of smart methods to enhance this aspect were analysed. Additionally, a 
geographical trends of country collaboration in the research field was 
performed using R bibliometrix package [12]. Data set A and B were 
uploaded separately to the shiny application of R package and evaluated 
with country collaboration function.

3. Results

3.1. Bibliometric trend analysis

To analyse general trends in biorefinery research, all the studies 
found in the databases with the search term biorefiner* totalling 22,337 
publications, were selected. Different terms in the title, abstract or 
keywords were studied as described above. The boxplots in Fig. 1
illustrate how often (colour-bar) and when (box-plots) a certain term 
was mentioned in the scientific literature.

The term Sustainability was mentioned with a high frequency, indi
cating its importance in the field. However, the general sustainability of 
a biorefinery concept can be derived from different aspects, as the use of 
renewable resources or green extraction methods. To have a closer look 
at the role of green and sustainable chemistry methods, different pairing 
words were analysed. The pairing of terms Green with Chemistry or 
Extraction shows a higher frequency compared to those in combination 
with Sustainable. However, the term Sustainable Extraction seems to have 
a trending occurrence frequency (median 2023), similar to the term 
Ecofriendly, while the latter is used much more often.

The term Integrated Biorefinery shows a similar time distribution as 
Biorefinery, indicating that it has been an important aspect since the 
beginning. Analysing the terms Circular Bioeconomy and Circular Econ
omy, it can be noted that Circular Economy is used with a higher fre
quency, but Circular Bioeconomy shows a trending tendency. The high 
frequency of the terms Valorisation and Value-added shows that these are 
key aspects in the research field. Waste Valorisation and Zero Waste show 
a trending appearance in the literature with a median in 2023. However, 
Big Data, Smart and Artificial Intelligence are not yet used with a high 
frequency yet; Big Data appeared first in 2019 and shows an occurrence 
like AI, indicating that this is very recent development and not an 
established approach in the literature.

To gain a deeper insight into the trends on the aspect of the 
“smartness” of biorefinery approaches, various keywords associated 
with this field and frequently applied methods were subjected to a time 
trend analysis. The smart biorefinery literature shows, as expected, a 
much more dynamic development compared to the general data set on 

Fig. 1. General trends of biorefinery research. The boxplot shows the timewise development of occurrence in the scientific literature and the colour bar indicates 
occurrence frequency. Minor variations in the most recent year may reflect database indexing timelines.

L. Hohrenk-Danzouma et al.                                                                                                                                                                                                                 Sustainable Chemistry for Climate Action 8 (2026) 100202 

3 



biorefineries (see Fig. 1). Currently, with the increasing digitisation of 
industry and the rapid development of data science, new approaches 
using AI or ML have come to the fore. This is shown in Fig. 2 as trending 
terms regarding time distribution and frequency are AI and ML. In 
addition, these terms have only appeared in the literature more recently 
e.g., ML or Big Data in 2019. While terms as Chemometrics and more 
classical methods such as Principal Component Analysis (PCA) have been 
mentioned since 2014, this is not the case for ML and AI; in fact ML is a 
subset of AI, aiming to train a machine to solve a problem by itself using 
data obtained from various sources, including data collected over time 
and statistical analysis of that information. As shown in Fig. 2 more 
recently different ML methods such as Random Forest (2021) or Support 
Vector Machines (2022) appeared.

Classical chemometric methods have always played an important 
role in the development of biorefinery concepts to analyse complex 
multivariate data sets. For example, different regression or clustering 
approaches have been applied for feedstock characterisation or for 
process monitoring to identify patterns or outliers in reaction conditions 
[13–15]. This is also visible in the time trend analysis in Fig. 2 as terms 
like Multivariate Analysis (2015), Cluster Analysis (2016), Classification 
(2017), have appeared over the years in the scientific literature.

3.2. Smart methods used

The distinction between ML and chemometrics is neither sharp nor 
used consistently in the literature, as ML tools can also be used for 
classification, regression and clustering tasks. However, in comparison 
to classical chemometric methods, ML is more flexible and powerful, 
capable of learning complex, non-linear relationships from data, then 
adapting and improving its models from experience. Therefore, it is 
applied for more sophisticated tasks in biorefinery research such as 
predicting yields, optimising conversion processes, and identifying 
novel pathways in more complex biological systems [9]. Fig. 3 presents 
an overview of different algorithms that are commonly used, which can 
be categorised as either supervised or unsupervised tools. Supervised 
methods use labelled data to build models that predict known outcomes, 
while unsupervised methods analyse unlabelled data to uncover pat
terns or groupings without predefined categories.

PCA is a dimensionality reduction technique that transforms a data 
set into a set of orthogonal components, capturing the maximum vari
ance to simplify analysis while preserving essential patterns [16]. DoE 

techniques can be used to model the relationship between several in
dependent variables and one or more response variables to find optimal 
conditions for a process. Response surface methodology (RSM) is often 
used to optimise reaction conditions or extraction processes by identi
fying the best combinations of factors, such as e.g. temperature, pH, 
pressure, etc. to maximise product yields [17,18].

Artificial neural networks (ANNs) are computing systems inspired by 
the biological neural networks of human brains. They comprise inter
connected nodes or neurons that are structured into layers (input, hid
den and output), in which each node has a set of outputs and inputs from 
the former to the next layer. For biorefinery process optimisation, the 
number of neurons in the input layer is directly proportional to the 
number of process parameters utilised during training to make pre
dictions about the external environment. The output layer can be rep
resented by the neurons measuring the treatment efficacy parameters or, 
e.g. the biomass production/growth [19].

The advantages of ANNs are that they are non-linear, unconstrained, 
very adaptable and fault tolerant. Their disadvantage of being a “black 
box” model is their lack of ability to provide an explanation for their 
reasoning and sometimes produce unexpected results [19]. Support 
vector machines (SVMs) are a type of supervised learning algorithm 
used for classification and regression tasks. The algorithm uses a 
nonlinear mapping function to project data into a high-dimensional 
feature space. It then constructs a decision boundary, known as a hy
perplane, which separates the space into different classes, allowing for 
the classification of unknown data points. The algorithm identifies 
support vectors, data points that lie closest to the optimal hyperplane, 
which help maximise the margin between the hyperplane and the 
nearest samples in the high-dimensional space. These support vectors 
are key in defining the optimal decision boundary [10]. Decision tree 
(DT) and random forest (RF) algorithms are supervised learning 
methods that are widely used in both classification and regression tasks. 
The DT processes the data based on a concept tree, which summarises 
the given information of the training data set in a tree structure. A RF 
model is made up of a collection of DTs. The results of these DTs for a 
given data point are then combined, using majority voting for classifi
cation and averaging for regression tasks, to produce a prediction to 
achieve a performance that is better than the performance of each in
dividual DT alone [20]. Table 2 gives an overview of different methods 
that were used in the analysed publications (data set C) and indicates if it 
is a supervised or unsupervised method and the main or general 

Fig. 2. Trends of smart biorefinery research. The boxplot shows the timewise development of occurrence in the scientific literature and the colour bar indicates 
occurrence frequency.
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function. As can be seen in Table 2 ANNs were among the most 
frequently applied approaches. In addition, several well-established 
chemometric techniques, such as PCA and RSM, were also commonly 
used.

Beyond the overview of algorithms, the critically analysed literature 
reveals that individual algorithms can be applied to multiple purposes, 
while different analytical methods can also address similar biorefinery 
challenges, reflecting the methodological flexibility of smart biorefinery 
systems. ANN-based approaches represent the most frequently applied 
tools, particularly in process optimisation and predictive modelling, 
which can be explained by their ability to capture complex and non- 
linear relationships characteristic of biorefinery systems where multi
ple interacting variables influence process efficiency, yield, and product 
distribution. Despite their strong predictive performance, only a limited 
number of studies address aspects related to model interpretability, 
uncertainty evaluation, or transferability to industrial-scale applica
tions, which remain important challenges for practical implementation. 
At the same time, classical chemometric and experimental design ap
proaches such as PCA and RSM continue to play a fundamental role, 
demonstrating that smart biorefineries typically rely on hybrid analyt
ical frameworks that combine established statistical tools with advanced 
ML techniques. These approaches are frequently used for preliminary 
variable selection, dimensional reduction, or optimisation prior to 
applying more computationally intensive predictive models. Further
more, supervised learning algorithms such as RF, SVM, and gradient 
boosting show increasing relevance, especially in feedstock classifica
tion, parameter selection, and yield prediction, reflecting a gradual 
transition towards data-driven decision-support strategies.

3.3. Purpose and areas of application of smart methods in biorefineries

A variety of different methods have been used for very different 
purposes: some to select optimal processing parameter others to char
acterize samples, monitor or even fully automate a biorefinery opera
tion. To explore the various possible applications of smart methods, the 
publications were assigned to different categories for the “purpose” as 
well as for the “resources” used and resulting “products”. Table 3 shows 
the categories for all 44 publications (data set C) as well as the used 

methods, as noted some publications have been assigned to several 
categories.

3.3.1. Purpose
The main purposes of the smart methods described in recent litera

ture were process optimization, followed by parameter selection, sample 
characterization, decision making, process modelling, climate or spatial 
modelling, process evaluation and automation (see Fig. 4). In the 
following different examples, the application of ML will be given to 
show its potential.

Process optimization. The operation of biorefineries often must deal with 
the changing nature of biomass properties, biomass feedstock supply, 
ambient temperature, product demands or other conditions. A new 
optimal resource allocation scheme was developed for a multiproduct 
lignocellulosic biorefinery to instantly detecting any fluctuations in the 
biorefinery to avoid oversupply or undersupply issues. The proposed 
resource allocation system based on deep neural network (DNN) uses the 
parameters that undergo fluctuations as input nodes of the DNN, while 
the output nodes are the flowrate allocation of biomass to different 
chemical and energy conversion pathways [51]. Another study utilized 
Bayesian Optimization for tuning a biorefinery to produce 
lignin-carbohydrate complexes, and achieved by iteratively gathering 
data and examine the effects of key processing conditions and finding 
optima trade-offs through Pareto front analysis [45]. The production of 
biodiesel from animal fat is optimized using a multi-objective mathe
matical model [48].

Parameter selection. The optimal parameter for homogenizer-assisted 
extraction of bioactive compounds from mango waste were deter
mined by RSM [34]. An ANN combined with genetic algorithm (GA) 
optimization tool was employed for predicting optimal process condi
tions for enhancing the biomass of the green microalgae [31].

Sample characterization. For sample characterization, a study applied 
PCA and partial least squares (PLS) to connect physicochemical char
acteristics of mangoes with their chemical composition, especially 

Fig. 3. Overview of the ML algorithm based on Tauler et al. (2009) [16]. Note that reinforcement learning is an additional category of the ML algorithm that was not 
covered here.
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bioactive compounds, in different cultivars [60]. Another work used an 
X-ray fluorescence-based technique and PLS to discriminate sugarcane 
juices in different clarification stages to estimate their mineral content, 
an impurity that diminishes the quality of the sample [56].

Decision making. A five-step approach supporting the decision making 
on biomass, processes and technologies for the bioconversion of ligno
cellulosic biomass was proposed employing big data and sustainability 
assessment [28]. Another study established a novel integrated approach 
for the solution of biomass supply chain network design using AI, 
geographic information systems, multi-criteria decision making and 
mathematical modelling [24]. For the decision on appropriate deep 
eutectic solvents (DES) for lignin fractionation conductor-like screening 
model for real solvents (COSMO-RS) model, quantum chemistry (QC) 
calculation, and molecular dynamics (MD) simulations were applied 
[29].

Process modelling. For modelling the pyrolysis reaction of Saccharum 
bengalense biomass a ANN regression model was applied [41]. Another 
study also used ANN and found an excellent performance for predicting 
effects of O/C and H/C ratios on the chemical exergy and standard en
tropy of technical lignin [43]. A study on Ozonolysis as pre-treatment for 
lignocellulosic biomass used gradient-based sparse nonlinear optimizer 
(SNOPT) method with sequential quadratic programming (SQP) algo
rithm to estimate kinetic reaction parameters are computationally [42].

Climate or spatial modelling. With an advanced forecasting algorithm, 
the climate conditions for a case study region were predicted to optimize 
a microalgae biorefinery. By that, the most feasible microalgae species 
were identified, and optimal harvest periods of cultivated microalgae 
were determined. Monte Carlo simulation was conducted for uncer
tainty analysis of the selected process [23]. Geographic information 
systems (GIS) have been used to find potential biorefinery sites [25] or 
biogas facility locations [24]. These studies highlight the growing rele
vance of climate and spatial modelling as supporting tools for smart 
biorefinery planning, particularly for feedstocks that are highly depen
dent on environmental and geographical conditions. Climate-driven 
modelling approaches allow the evaluation of seasonal variability, 
resource availability, and production stability, which are critical factors 
for ensuring continuous and efficient biomass supply. Similarly, spatial 
analysis using GIS enables the integration of environmental, logistical, 
and economic parameters to support strategic decision-making in fa
cility location and biomass distribution. Despite these advantages, the 
analysed literature suggests that climate and spatial modelling appli
cations remain less explored compared to optimisation-focused ML ap
plications. The integration of predictive climate models with real-time 
environmental monitoring, remote sensing technologies, and supply 
chain optimisation models therefore represents an important opportu
nity for advancing smart and resilient biorefinery systems, particularly 
under the challenges imposed by climate change and resource 
variability.

Process evaluation. For the evaluation of biorefinery processes several 
studies use life cycle analysis (LCA) in combination with other ML 
methods. For example, to estimate LCA metrics classification trees and 
ANN have been applied to produce input-output relationships through 
predictor variables that refer to the molecular structure of bio-chemical 
or bio-fuel products of interest, the feedstocks used, and the process 
technologies characteristics [37]. Another study on the production of 
bioplastics uses LCA together with Monte Carlo simulation, RF and 
ANNs to analyse feedstock composition variations and uncertainties 
[39]. One study used a hybridization of data science techniques and 
environmental analysis to evaluate different pre-treatment processes of 
biomass (corn stalk and rice straw). They combine LCA with dimension 
reduction applying the Multidimensional Scaling and clustering 

Table 2 
Overview of AI / data analysis methods in the reviewed literature.

Method Acronym Type Function Fr.
*

Adaptive Neuro-Fuzzy 
Inference System

ANFIS Supervised Classification/ 
Regression

3

Analysis of Variance ANOVA Supervised Statistical Testing 1
Artificial Neural 

Network
ANN Supervised Classification/ 

Regression
11

Bayesian Optimization — Unsupervised Optimization 2
Box-Behnken — Supervised Experimental 

Design
3

Classification Trees — Supervised Classification 1
Cluster Analysis — Unsupervised Clustering 3
Conductor-like 

Screening Model for 
Real Solvents

COSMO- 
RS

Unsupervised Solvent Screening 1

Decision Tree DT Supervised Classification/ 
Regression

3

Deep Learning DL Supervised Classification/ 
Regression

1

Deep Neural Network DNN Supervised Classification/ 
Regression

2

Desirability 
Optimization Method

DOM Unsupervised Optimization 1

Generative Adversarial 
Networks

GAN Unsupervised Data Generation 1

Genetic Algorithm GA Unsupervised Optimization 5
Geographic 

Information Systems
GIS — — 1

Gradient Boost — Supervised Classification/ 
Regression

2

Kernel Density 
Estimation

— Unsupervised Density Estimation 1

K-Means / 
Multidimensional 
Scaling

— Unsupervised Clustering / 
Dimensional 
Reduction

2

Least-Squares Boosting LSBoost Supervised Classification/ 
Regression

1

Least-Squares Support 
Vector Machine

LSSVM Supervised Classification/ 
Regression

2

Life-Cycle Assessment LCA — Environmental 
Impact

2

Linear Regression LR Supervised Regression 2
Logistic Regression — Supervised Classification/ 

Regression
2

Monte Carlo Simulation — Unsupervised Simulation / 
Uncertainty

2

Multilayer Perceptron MLP Supervised Classification/ 
Regression

4

Multi-Objective 
Optimization

MOO Unsupervised Optimization 3

Neutrosophic Fuzzy 
Optimization

— Unsupervised Optimization 1

Partial Least-Squares 
Regression

PLS Supervised Regression 3

Principal Component 
Analysis

PCA Unsupervised Dimension 
Reduction

7

Random Forest RF Supervised Classification/ 
Regression

4

Response Surface 
Methodology

RSM Supervised Optimization 5

Sensors/IoT — Unsupervised Data Acquisition 1
Sparse Nonlinear 

Optimizer
SNOPT Unsupervised Optimization 1

Support Vector 
Machines

SVM Supervised Classification 4

Support Vector 
Regression

SVR Supervised Regression 3

Techno-Economic 
Analysis

TEA — Cost-Benefit 
Analysis

3

* Frequency (Number of times a method was used).
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technique using k-mean [36]. This approach enabled the detection of 
relationships between environmental impact categories and processing 
routes by transforming complex LCIA matrices into lower-dimensional 
representations. Consequently, it allowed a structured comparison of 
process sustainability and identification of environmentally critical 
pre-treatment technologies.

Automation. Just one study presented an AI system for the entirely 
automated fed-batch fermentation of 1,3-propanediol, including a 
sensor, predictor, controller, and automation system. They were able to 
successfully integrate AI to establish an automatic, robust system with 
enhanced 1,3-propanediol concentration. They could increases glycerol 
utilization efficiency and decreases the cost of the medium and were 
able to eliminate the dependence on expensive online instruments and 
staffing [21].

3.3.2. Biorefinery applications
In addition to the smart methods and their purpose of application, 

the type of biorefinery approaches were analysed. To this end, the na
ture of biomass used and the products generated were categorised and 
are shown in Fig. 5. Lignocellulosic biomass, followed by other bio
masses (e.g. sugarcane) were the most cited (see Fig. 5A). The third 
category were agricultural residues (as grape seeds, mango processing 
waste), and microalgae. Further, waste oil, animal fat and food or 
municipal solid waste were considered in some studies as well as 
seaweed. The resulting end products of biorefinery are presented in 
Fig. 5B Mainly platform chemicals as aromatic compounds, acetone, 
alcohols, esters etc. were produced as well as biofuel in the form of 
biodiesel or bioethanol. In addition, value-added or bioactive com
pounds were retrieved and materials such as bioplastics. Energy was 
produced in the form of e.g., chemical exergy or electricity.

Table 3 
Methods and assigned categories (Purpose, Resources and Product) of literature analysis.

# Purpose Smart Method Feedstock Product/Output Ref.

1 Automation, process optimization Sensors Biomass Chemicals [21]
2 Automation, decision making, process 

optimization
Sensors Waste Chemicals, bioactive 

compounds
[22]

3 Climate/spatial modelling Monte Carlo Simulation Microalgae Biofuel [23]
4 Climate/spatial modelling, decision 

making
SVR, GIS Waste, agricultural residues Energy [24]

5 Climate/spatial modelling, decision 
making

SVR, GIS, ANFIS Agricultural residues, waste oil, 
animal fat

Biofuel [25]

6 Climate/spatial modelling, process 
optimization

ANN, RSM, DOM Waste Chemicals [26]

7 Decision making MOO, MADM Biomass Ethanol [27]
8 Decision making Data queries (SQL requests) online analytical 

processing (OLAP)
Lignocellulose Energy, chemicals, 

materials
[28]

9 Decision making COSMO-RS Lignocellulose Biofuel, chemicals, 
materials

[29]

10 Parameter selection LR, SVM, ANN, ANFIS, LSSVM, PCA, GA Waste oil Biodiesel [30]
11 Parameter selection ANN, GA Microalgae Biofuel [31]
12 Parameter selection Bayesian Optimization Lignocellulose Chemicals [32]
13 Parameter selection PLS Macroalgae Chemicals [33]
14 Parameter selection RSM Agricultural residues Bioactive compounds [34]
15 Parameter selection, decision making LSBoost, SVR Microalgae Biofuel [35]
16 Process evaluation LCA, k-means, multidimensional scaling Lignocellulose, agricultural 

residues
Biofuel [36]

17 Process evaluation LCA, ANN, classification trees Biomass Biofuel, chemicals [37]
18 Process evaluation LCA, TEA Lignocellulose Chemicals [38]
19 Process evaluation Monte Carlo simulation, RF, ANN Biomass Materials [39]
20 Process evaluation TEA Lignocellulose Chemicals, biofuel [40]
21 Process modelling ANN, MLP, PCA Biomass Chemicals [41]
22 Process modelling SNOPT Lignocellulose Chemicals [42]
23 Process modelling ANN Lignocellulose Chemicals [43]
24 Process modelling LSSVM Biomass Energy [44]
25 Process optimization Bayesian Optimization Lignocellulose Chemicals [45]
26 Process optimization RSM, ANN, GA Microalgae Bioactive compounds [46]
27 Process optimization ANN Microalgae Biodiesel [47]
28 Process optimization MOO Animal fat Biodiesel [48]
29 Process optimization RSM, Box-Behnken, ANN, GA, ANFIS Waste oil Biodiesel [49]
30 Process optimization DL, Gradient Boost, DT, ANN, RF, SVM Lignocellulose Biofuel [50]
31 Process optimization, parameter 

selection
DNN Lignocellulose Energy, chemicals [51]

32 Process optimization, sample 
characterization

SVM, RF, Gradient Boost Biomass Biochar, chemicals [52]

33 Process optimization Sensors Microalgae Biomass [53]
34 Process optimization TEA Lignocellulose Chemicals [54]
35 Process optimization MOO, GA Biomass Energy [55]
36 Sample characterization PLS Biomass Ethanol [56]
37 Sample characterization LR Macroalgae, biomass Energy, chemicals [57]
38 Sample characterization PLS Microalgae Chemicals [58]
39 Sample characterization PCA, ANOVA Agricultural residues Bioactive compounds [59]
40 Sample characterization PCA, PLS, cluster analysis Agricultural residues Bioactive compounds [60]
41 Sample characterization PCA Agricultural residues Bioactive compounds [61]
42 Sample characterization Generative Adversarial Networks, Kernel Density 

Estimation
Lignocellulose Chemicals, biochar [62]

43 Sample characterization RF, PCA, DNN Microalgae Chemicals [63]
44 Sample characterization PCA, minimum spanning tree (MST) Biomass Energy [64]
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3.3.3. Sustainability evaluation
Biorefineries have sustainability at their core as they transform 

renewable resources into high-value materials and/or renewable en
ergy. However, there are certain developments in biorefinery research 
with the aim of increasing the sustainability of the concepts focusing on 
different aspects. Examples are using greener and more sustainable 
transformation process and technologies, using waste materials as 
feedstock to avoid competing food production or using cascading pro
cess or aiming at zero-waste concepts. Smart methods can also be used to 
enhance sustainability; thus, it was evaluated if and how the studied 
publications used smart methods to enhance sustainability by different 
criteria, results are summarized in Table 4.

Green and sustainable extraction and conversion processes. Different 
advanced extraction methods can be used to reduce time, solvents, en
ergy consumption and improve the product quality and extraction yield 
compared to conventional methods. In addition, alternative solvents 

such as bio-based solvents, ionic liquids, and DES, which are often 
biodegradable and non-toxic can be used. In total nine publications fall 
into this category using microwave-assisted extraction [18], AquaSolv 
omni [32,45] microwave pyrolysis [52] homogenizer-assisted extrac
tion [34] green catalyst made from Brotia costula shells [49] or using 
DES [29,54]. However, also many conventional conversion processes 
are applied in the analysed literature, showing that this aspect needs 
more attention in the future.

Waste utilization. The types of feedstocks can be used to establish a hi
erarchy of biorefineries, classified as first to third generations. First- 
generation biorefineries are based on raw materials, such as biomass 
from crops (e.g., corn, sugarcane, wheat, etc.), but are criticized for 
potentially competing with food production for land use. Second- 
generation biorefineries are based on raw material residues from 
crops, agroindustry or other waste materials such as municipal waste, 
animal fat, and waste oil. The third-generation biorefineries are based 
on raw materials related to microalgae and macroalgae [65]. Sixteen of 
the analysed papers explicitly mention the use of waste materials or 
residues. In addition, eight publications rely on microalgae as feedstock. 
Other publications do not mention a specific type of biomass and are 
thus also adaptable for waste utilization.

Multiproduct. Biorefineries where a single product is obtained from one 
type of biomass are also referred to as Stage I biorefineries. In a Stage II 
biorefinery, from a single raw material, many procedures are employed 
to obtain many significant products. Moreover, in a Stage III biorefinery, 
different raw materials are used [66]. A cascading biorefinery process 
involves sequentially converting biomass into multiple products in a 
stepwise manner, maximizing resource efficiency. Some studies focus on 
the product of biofuels (bioethanol, biohydrogen and biobutanol) and 
high-value products or platform chemicals [40] or value-added products 
or energy through different conversion pathways [51]. One study uses 
ML to facilitate a multiproduct lignocellulosic biorefinery that converts 
various types of biomass into value-added products and energy through 
different conversion pathways. A resource allocation system based on 
DNN is used detecting any fluctuations in the biorefinery to avoid 
oversupply or undersupply issues. The optimization results of the DNN 
yields an average optimality of 97.7 % and reduces the response time by 
99.5 % as compared to the conventional nonlinear solver [51].

However, most studies focus on one type of products as biochar, bio- 

Fig. 4. Overview of different purposes for the application of smart data analysis 
methods (%).

Fig. 5. Overview of proportions of different feedstocks (A) and products (B) of biorefinery concepts.
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oil, and syngas [52] or several bioactive compounds [34,46,61]. This 
shows that truly closed- loop systems that optimize biomass utilization 
and minimize environmental impact and waste generation are still 
challenging. Nevertheless, some publications see the potential of AI and 
ML to advance this field further [67].

Efficiency. Several studies use ML and AI tools to optimize a conversion 
process for a more efficient process and gaining higher yields. Fifteen 
papers report a higher efficiency for the optimized process that were 
possible by smart methods. For example, with an AI system, consisting of 
a sensor, predictor, controller, and automation system, for entirely 
automatic fed-batch fermentation of 1,3-propanediol a concentration 
increase of 75.7 % was possible [21]. Another study employs new 
microalgae biorefinery system with an integration of the hydrothermal 
liquefaction of wet microalgae and hydrodeoxygenation of biocrude oil 

to produce green products of green diesel, naphtha, and heavy oil. 
LSBoost model outperformed other ML-assisted modelling approaches 
and the performance of the microalgae biorefinery system increased 
with a green diesel yield up to 33 wt % and the energy recovery esti
mated at 75 % higher with optimized process [35].

Evaluation. Nine studies use AI or ML to facilitate or enhance sustain
ability analyses. For example, a data-science based framework with 
capabilities to estimate LCA metrics of bio-based and biorefinery pro
cesses in early design phases was developed [37]. Another study uses 
desirability optimization method (DOM) to improve the in-depth 
mechanistic understanding of environmental systems and identify the 
most benign configurations [26]. Another approach integrates sustain
ability, resilience, and responsiveness within the (lean, agile, respon
sive, green) LARG framework through the development of a ML based 

Table 4 
Evaluation of the inclusion of various aspects relating to sustainability. A (green): green conversion methods; B (yellow): Waste utilization; C (orange): Multiproduct 
processes; D (blue): increased efficiency; E (purple): sustainability evaluation. Numbering of publications (#) as in Table 3. The assignment of publications to sus
tainability categories was performed through manual screening based on predefined criteria evaluating the presence of specific sustainability-related strategies.
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decision -making system [25]. The hybridization of data science tech
niques and environmental analysis was proposed to improve LCA with 
several unsupervised ML methods for dimension reduction and clus
tering [36].

As can be seen in Table 4 several studies do not fall into neither of the 
categories that were evaluated here. Most of them used smart tools in 
combination with analytical methods for sample characterization. On a 
long term this of course is also aiming at gaining higher efficiencies 
increasing the sustainability of the approach. However, in these cases no 
report of higher yields etc. were mentioned.

The above analysis demonstrates that AI and ML methods contribute 
not only to the large-scale implementation of biorefinery concepts, but 
also to sustainability enhancement through efficiency gains, waste val
orisation, multiproduct integration, and sustainability assessment 
frameworks. The integration of these diverse methods at various stages, 
from concept development to automation, is therefore essential for the 
success of the circular economy.

4. Critical discussion

The results of this study provide an overview of how AI, ML, and 
chemometric approaches are currently applied in smart biorefinery 
systems. However, beyond the descriptive categorisation of methods 
and applications, several critical aspects must be considered to properly 
assess the limitations, and practical relevance of these approaches. A 
first key observation is that the increasing adoption of AI/ML methods in 
biorefinery research does not necessarily translate into robust or trans
ferable solutions. Many of the analysed studies rely on relatively small, 
case-specific datasets, often generated under controlled laboratory 
conditions. While these datasets are suitable for proof-of-concept 
modelling, they may not capture the variability and complexity of 
real-world biorefinery systems. As a result, model robustness remains a 
major limitation, particularly when models are applied beyond the 
specific conditions under which they were trained. Issues such as over
fitting, lack of external validation, and insufficient reporting of uncer
tainty are frequently observed and limit the reliability of predictive 
outcomes.

Closely related to this is the challenge of model interpretability. 
Although advanced methods such as ANNs, DL, and ensemble models 
often show superior predictive performance, they are typically charac
terised by a “black-box” nature. This limits the ability to extract mech
anistic understanding or chemical insight from the models, which is 
essential in complex systems such as biorefineries. In contrast, classical 
chemometric approaches, while potentially less powerful in capturing 
non-linear relationships, offer greater transparency and interpretability. 
This highlights a fundamental trade-off in current research between 
predictive performance and explainability, which is not yet systemati
cally addressed in most studies. Another limitation concerns the scal
ability of AI/ML approaches. While many studies improved process 
optimisation or prediction accuracy at laboratory or pilot scale, there is 
limited evidence of successful implementation at industrial scale. Real- 
world biorefinery systems involve fluctuating feedstock compositions, 
operational variability, economic constraints, and regulatory re
quirements, all of which are rarely incorporated into current modelling 
approaches. This gap between laboratory-scale modelling and industrial 
application suggests that the current literature may overestimate the 
immediate applicability of smart methods in large-scale biorefinery 
systems.

Our analysis also reveals that different AI/ML approaches are often 
applied interchangeably to similar problems, with limited justification 
for method selection. While algorithms such as ANN, SVM, RF, and RSM 
are frequently used, comparative assessments between methods are 
scarce. Consequently, it remains unclear whether the choice of algo
rithm is driven by methodological suitability, data characteristics, or 
simply by availability and familiarity. More systematic benchmarking 
studies using shared datasets would be necessary to establish clearer 

guidelines for method selection and to improve reproducibility across 
studies.

The connection between smart biorefineries and sustainability, 
although frequently highlighted, also requires a more critical evalua
tion. Many studies assume that improved efficiency or optimisation 
leads to enhanced sustainability; however, this relationship is not al
ways explicitly quantified. Only a limited number of studies incorporate 
comprehensive sustainability assessment tools such as LCA or TEA in 
combination with AI/ML methods. As a result, the environmental ben
efits of smart biorefineries remain largely inferred rather than 
demonstrated.

In particular, the potential contribution of AI-driven optimisation to 
climate action should be evaluated in terms of measurable indicators 
such as greenhouse gas emissions, energy consumption, and resource 
efficiency. While optimisation strategies may reduce energy demand or 
improve yields, the additional computational requirements associated 
with AI/ML models also entail energy consumption and associated 
carbon emissions. Therefore, the net environmental benefit of smart 
biorefinery approaches should be assessed through integrated frame
works that consider both process-level improvements and the environ
mental footprint of digital technologies. Also, in the context of the 
circular bioeconomy, AI and ML offer promising tools for improving 
resource allocation, waste valorisation, and system integration. How
ever, the literature suggests that their application is still focused on 
isolated process improvements rather than on fully integrated circular 
systems. The transition towards truly circular and smart biorefineries 
will require the integration of data across different stages of the value 
chain, including feedstock supply, processing, product distribution, and 
end-of-life considerations. This level of system integration remains 
largely unexplored in current studies.

5. Challenges and perspectives of smart biorefineries

Currently, the availability and quality of data is often a major chal
lenge for the next stage of smart biorefineries, especially for ML appli
cations. However, the technological advances of sensors or sensitive 
analytical methods should increase the available data in the future. In 
addition, a homogeneous data set often leads to better prediction per
formance, therefore the implementing a data protocol for each bio
refinery system is a crucial factor for robust data training and 
subsequent applications. Also, most ML methods are prone to overfitting 
or underfitting and susceptible to missing values. Consistent and well- 
trained model evaluation is essential to avoid misinterpretation. Arias 
et al. 2023 emphasises the need for a methodological guideline for AI 
tools including the assessment of their accuracy [9]. In addition, the 
combination of different algorithms in so-called “integrated models” has 
shown to outperform standalone models in terms of prediction perfor
mance, overfitting risk, and robustness, which could be an interesting 
direction for future research [19].

Algorithms with complex structures can achieve better performance 
with complex data sets, but they are also more difficult to interpret, 
which can be a further hindrance in the implementation of such an al
gorithm. Developing new strategies for ensemble learning models and 
more robust evaluation approaches will be relevant to meet the 
increasing needs of different scientific tasks [10]. Besides all the po
tentials of ML and AI tools to improve or even facilitate new more sus
tainable biorefineries, they also have an environmental impact that has 
to be considered. Training and operating AI and ML tools requires high 
computing power, and thus energy consumption leading to high carbon 
footprints. In particular, energy consumption for running and cooling 
server hardware in data centres is huge and the worldwide the energy 
consumption is predicted to continue to grow over the next decade [68]. 
Furthermore, resources used in manufacture all computational compo
nents, from chips to data centre buildings, must be considered. To 
illustrate the scale of the carbon footprint of AI tools, the estimated 
carbon footprint of training a single large language model (around 300, 
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000 kg CO2 emission) was compared to that of 125 round-trip flights 
between New York and Beijing [69]. However, possible mitigation 
strategies exist, for instance: i) selecting efficient ML model architec
tures and advancing ML quality, such as sparse models versus dense 
models; ii) using processors optimised for ML training such as tensor 
processing unit (TPUs) or recent graphics processing units (GPUs); iii) 
computing in the cloud rather than on-premise can improve datacentre 
energy efficiency and iv) sustainable energy generation can be used to 
operate data centres and, by using cloud computing ML, practitioners 
can pick the location with the cleanest energy [70]. As a future direction, 
the combination of fast computation and reliable data sources may offer 
opportunities to create digital twins, and thus better process, tracking 
control, leading to more innovation systems towards circular 
bio-economy [10]. With increasing digitalisation of industry, for 
example, adopting IoT, cloud computing and automation, new vulner
abilities regarding cyber security are introduced. Therefore, there is a 
need for systems that promote the protection of IT infrastructure [9].

Moreover, the design and implementation of smart biorefineries can 
be affected by the fomentation of such approaches considering the 
geopolitical and resource conditions in the Globe. Fig. 6 illustrates the 
country collaboration world map for different data sets; (A) detaches the 
number of publications with the general biorefinery search term is re
flected in many collaborations and an interwoven network worldwide. 
By refining the literature search and decreasing the number of publi
cations, the total number of collaborations also decreases, but the rela
tive contribution of different countries or regions of the world can be 
discussed. Data set B focusing on smart biorefineries, shows a high 
density in the Asian region, where a strong collaboration of China, India, 
Korea and Norway can be observed, and much fewer contributions from 
Europe, South America or Oceania are visible until now.

6. Conclusions

According to the most recent literature, it is possible to observe a 
growing research interest and emerging potential for establishing inte
grated and smart biorefineries as low-impact, potentially carbon-neutral 
or net-zero emission-oriented systems. The aim of this paper was to 
identify the literature trends and dynamics related to smart biorefinery 
approaches generating bio-based products, such as biofuels, energy and 
other chemicals and materials. In recent years, there has been a 
noticeable increase in studies focusing on smart tools, indicating a 
progressive shift towards data-driven approaches in biorefinery 
research. Various AI and ML algorithms have shown promising potential 
to support the establishment of smart biorefineries at larger scales, 
although this remains to be further validated. Such field of very dynamic 
development can seem to be a bit challenging as there are so many 
options, also because some algorithms can be applied for different 
purposes on one side, but different methods can be useful for the same 
purpose on the other side.

To provide a better overview and understanding of applications and 
to break down the diversity of possibilities, 8 different categories were 

identified: process modelling, evaluation and optimization, parameter 
selection, sample characterization, decision making, climate/spatial 
monitoring and automation, and several examples are given for each 
category. Further, the type of biorefinery in terms of biomass and 
resulting products were also considered. An overviewing table of all 
used smart methods in the analysed literature is provided with indica
tion for what purpose the methods are applied to give the reader an 
overview of this diverse field and guidance in the search for a suitable 
method. In addition, it was analysed how smart tools may contribute to 
enhancing the sustainability of biorefinery concepts. The results of this 
work indicate that current applications are predominantly concentrated 
in process optimisation and modelling, while areas such as automation 
and system-level integration remain underdeveloped. Also, possible 
hindrances such as data quality, robustness and interpretability have 
been discussed here. It was observed that a lack of knowledge and /or 
experience of scientists with AI tools may represent an additional factor 
to be overcome in the future. Nevertheless, an emerging trend for smart 
biorefineries was observed, also suggesting the growing production of 
scientific knowledge. Interestingly, it was possible to note that studies 
focused on smart biorefineries are more frequent in the Asian region, 
especially in China, India, and Korea, which may be indicative of the 
great potential given to biomass valorisation in this region.

Biorefineries are generally associated with sustainability goals, as 
they transform non-edible renewable resources into high-value mate
rials, but it is important to enable a transformation process that is as 
green and sustainable as possible. To develop and operate biorefinery 
processes efficiently and ensure resource-saving in more sustainable 
ways, the current trends and dynamics in the field suggest that smart 
methods could be integrated, so that digital manufacturing can have a 
greater effect on the effectiveness, economics, and quality of valuable 
chemical products and processes. By combining several smart-integrated 
greener and more sustainable processes, stronger synergies can be 
created, in which these processes not only complement but also optimize 
each other, enabling the initial non-edible biomass could be fully uti
lized. As observed, a myriad of different combinations of biomass, pro
cess conditions, and conversion possibilities are conceivable when 
achieving integrated smart biorefinery models, which cannot be verified 
through practical experimentation alone. For this reason, the consoli
dation of the term and development of adaptable and scalable smart 
biorefineries may represent a promising approach to reduce time, pro
duction costs, minimize environmental impacts such as climate change, 
promote more effective material and energy circularity, and potentially 
contribute to socio-sustainability globally. However, these contributions 
are still rarely supported by quantitative sustainability assessments, 
indicating that the transition from promising concepts to fully validated 
and scalable systems remains an open challenge. We should consider 
that while AI and ML are expanding in biorefinery research, their 
effective contribution to sustainable and industrially relevant systems 
will depend on the development of robust data frameworks, critical 
evaluation approaches, and integrated system-level applications.

Fig. 6. Geographical maps showing country collaboration in the scientific community. 1: in grey data set A, 2: in orange data set B.
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