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ABSTRACT

Forest and biomass crops for bioenergy and bioproducts can promote a sustainable bioeconomy while
effectively reducing greenhouse gas (GHG) emissions to mitigate global warming. One of the most
concerning issues is selecting and using appropriate modeling and analytical technologies to optimize
the benefits of multi-feedstock biomass supply chains, including logistics. Machine learning (ML) has been
used to solve increasingly complex supply chain problems, providing powerful tools for sustainable forest
management and biomass resource development. Existing research is extensive and spans many different
ML techniques, but synthesis is needed to help guide the adoption of these rapidly evolving tools. This

ARTICLE HISTORY
Received 23 July 2023
Accepted 24 June 2024

KEYWORDS

Machine learning; algorithm;
modeling; forest resources;
biomass; supply chain
management

review summarizes ML applications in forest and biomass supply chain management in terms of data,
algorithms, and process examples, with an emphasis on direct application to supply chain management.
ML is a viable technique to support strategic, operational, and tactical planning and decision-making in
this field and can enhance the environmental and economic performance of diverse forest and biomass

supply chains.

Introduction

Globally, bioenergy accounts for 55% of renewable energy and
over 6% of the total energy supplied globally, with that share
expanding to meet targets for greenhouse gas (GHG) emissions
reductions (IEA 2022). In 2022, bioenergy constituted 38.5% of
all renewable energy in the United States, with the majority of
energy from biomass produced in the industrial and transpor-
tation sectors, mostly in the form of industrial heat and power
and liquid transportation fuels (US Energy Information
Administration 2023). The bioproducts industry is also
expanding, especially in the chemical and materials sectors.
Along with crops like corn grown for ethanol production,
lignocellulosic feedstocks from forest management, wood
waste, and purpose-grown energy crops (e.g. short rotation
coppicing willow, hybrid poplar, and switchgrass) which are
a critical source of biomass for both bioenergy and
bioproducts.

The complexities inherent in forest and biomass supply
chains which encompass feedstock cultivation and establish-
ment, harvest, processing, storage, transportation, and conver-
sion (Figure 1), directly impact efficiency and cost due to
factors such as feedstock diversity, geographical variability,
and seasonal dependence. Managing these intricacies is crucial
for sustaining and developing forest and energy crop resources
in the long term, enhancing the environmental and economic
performance of associated bioproducts. Mathematical pro-
gramming and heuristic algorithms have traditionally been
employed for forest and biomass supply chain management
in tactical and practical approaches. For example, Han et al.

(2018) combined forest operations research (Han et al. 2018)
with a mixed-integer linear programming (MILP) model and
a network algorithm to optimize forest biomass feedstock
processing and transportation for a state forest in Colorado,
USA. While Acuna et al. (2019) and Zhang et al. (2020a) have
highlighted data-driven modeling, analytics methods, and opti-
mization techniques, recent advancements in enhanced remote
sensing (RS), geographic information system (GIS), and global
positioning system (GPS) data services and tools have paved
the way for machine learning (ML) techniques to process and
analyze big data. ML provides a scientific basis for decision-
making that goes beyond traditional approaches in operations
research and supply chain management.

ML is a subset of artificial intelligence (AI) that involves
crafting algorithms and statistical models that enable computer
systems to learn from data and generalize to unseen data with-
out being explicitly programmed. ML encompasses a range of
techniques, including supervised learning (SL), semi-
supervised learning (SSL), unsupervised learning (USL), and
reinforcement learning (RL), finding applications across
diverse fields like natural language processing, image and
speech recognition, predictive analytics, and manufacturing
and quality control. Several reviews have explored the applica-
tions of ML in biomass supply chain management. Rodias et al.
(2019) focused on modern technological tools and identified
Al methods associated with ML for potential applications in
woody biomass supply chain management. He and Turner
(2021) discussed Industry 4.0 implications, including ML tech-
nologies, for forest supply chains, addressing opportunities and
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Figure 1. Forest and biomass supply chain and related components.

challenges. Xing et al. (2021) applied ML and AI to optimize
biodiesel production processes. Wang and Yao (2023) investi-
gated ML’s upstream use in biomass-derived material systems,
addressing material, process, and supply chain design chal-
lenges. Helal et al. (2023) identified research gaps and oppor-
tunities for ML and Al in biomass-to-bioenergy supply chains.

Existing literature reviews on ML applications in integrated
forest and biomass supply chains have valuable insights, but
their scope is limited. To date, no comprehensive review has
systematically evaluated algorithms and approaches specific to
these biomass systems. Addressing this knowledge gap is cru-
cial, given the significance of big data, modern digital technol-
ogies, and rapid Al advancements, including ML techniques.
This review aims to explore and analyze the mechanisms and
characteristics of algorithms, data requirements, and future
challenges of ML applications throughout the forest and bio-
mass supply chain. We focused on forest biomass and purpose-
grown lignocellulosic energy crops like willow, poplar, and
switchgrass for several reasons. First, they share similar supply
chains when compared to other biomass sources like algae,
food waste, sewage sludge, and biofuel crops primarily grown
for sugar and starch content. This review thoroughly covers the
four stages of a typical forest and energy crop supply chain,
including feedstock production, harvesting/collection and pro-
cessing, transportation and storage, and manufacturing (con-
version). Second, their lignocellulosic characteristics result in
relatively similar end uses, often used as feedstock in combus-
tion, gasification, and pyrolysis conversion, and sometimes in
biochemical conversion to fuels, chemicals, and sustainable
biomaterials. Third, they are often cultivated on marginal or
unsuitable lands for agricultural production and are easily
substitutable and blendable in various conversion pathways.
These multi-feedstock biomass supply chains offer flexibility
and resiliency in biomass supply while also posing increased
complexity, making them well-suited for emerging ML
approaches.

Specifically, this review delves into enhancing ML applica-
tions in forest and biomass management through two main
aspects: (1) exploring ML types, algorithms, and processes, and
(2) examining ML applications in forest and biomass estima-
tion, harvest and processing, and technology selection and
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optimization for converting biomass to bioproducts. The
objective is to provide a road map for utilizing ML tools
effectively in supply chain management, guiding the selection
of appropriate approaches and tools for various biomass
sources to meet diverse supply chain requirements.

Overview of machine learning
Types of machine learning

Depending on the expected outcome of the algorithm, ML
types include SL, SSL, USL, and RL. Figure 2 shows the four
types of ML workflows. SL deals with labeled data, in which
each input is associated with a corresponding output, aiming to
learn a mapping between inputs and outputs (Ayodele 2010).
USL focuses on finding patterns or structures in unlabeled
data. SSL is a combination of both SL and USL, the algorithm
is trained on a dataset that contains both labeled and unlabeled
examples. RL involves an agent learning by interacting with an
environment and receiving feedback in the form of rewards or
penalties (Ayodele 2010). Given that the majority of real-world
data problems in forest and biomass supply chain management
involve regression or classification tasks, SL emerges as more
prevalent. However, USL finds applications in scenarios
requiring clustering or dimensionality reduction.

Machine learning algorithms

ML relies on algorithms for data problem-solving, without
a one-size-fits-all solution. The selection of the algorithm
depends on factors such as the problem’s nature, the number
of variables, and the best-suited model. Commonly used algo-
rithms in ML include linear regression (LR), decision tree
(DT), logistic regression (LogR), random forest (RF), support
vector machine (SVM), clustering methods like k-means clus-
tering (KMC), and neural network (NN).

LR is a fundamental SL algorithm used for predicting
a continuous outcome based on one or more input features.
The primary goal of LR is to find the best-fitting linear rela-
tionship (line) that minimizes the difference between the pre-
dicted values and the actual values in the training dataset
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Figure 2. Comparison of four machine learning algorithm types and workflows.

(Maulud and Abdulazeez 2020). This relationship is expressed
by a linear equation: Y = f, + 8, X1 + - - - + 8, X, + &, where
Y is the dependent variable, X;, - - -, X, are independent vari-
ables, f3, is the intercept, f3,, - - - B,, are the coefficients, and ¢ is
the error. LogR uses the logistic function (sigmoid function)
for binary classification, where the outcome variable is catego-
rical and has two classes. The logistic function is defined as:
PY=1)= L where p(Y = 1) is the possibility

of the dependent variable being in class 1.

SVM is used for both classification and regression tasks,
demonstrating effectiveness in smaller datasets with high
dimensionality. SVM also aims to find a hyperplane that best
separates the data into two classes. SVM can perform nonlinear
classification through kernel tricks, enabling the capture of
complex relationships in data (Noble 2006). The optimal
hyperplane is the one that maximizes the margin, defined as
the distance between the hyperplane and the nearest data
points from each class, known as support vectors. The predic-
tion accuracy of SVM is highly dependent on the appropriate
configuration of hyperparameters C, ¢, and kernel parameters
(Cherkassky and Ma 2004). The hyperparameter C controls the
trade-off between model complexity and the degree to which
deviations larger than ¢ are tolerated in the optimization for-
mulation. The parameter ¢, on the other hand, impacts the
number of support vectors used to construct the regression
function.

DT is a tree-structured recursive partition of the dataset that
comprises internal nodes for feature judgments, branch nodes
for decision outcomes, and leaf nodes for classification results
(Singh et al. 2016). Ensembles of DTs, such as RF, are often
used to enhance predictive performance. The individual DTs
are trained using in-bag samples drawn with replacements
from the training set. Meanwhile, the remaining out-of-bag
samples are used for cross-validation, with the out-of-bag
error recorded for each training datum. RF then combines
the predictions of the individual DTs by averaging, and the
final classification result is determined by the plurality of the
output classes of the DTs. The modeling process of RF requires
the specification of two key parameters: the number of DTs
(ntree) and the number of variables (mtry). Previous research
highlighted that mtry significantly impacts classification accu-
racy more than ntree (Breiman 2001; Belgiu and Dragut 2016).

KMC is used for partitioning data into clusters based on
similarity. The KMC algorithm randomly selects k points from
the dataset as the initial cluster centers, then calculates the
Euclidean distance from a sample point to each cluster center
and assigns the sample point to the subset corresponding to the
closest cluster center. The mean value of all samples in each
cluster is then calculated and used as the new cluster center.
This process is iteratively repeated until either the maximum
number of iterations is reached, or the change in the position of
the cluster center is less than a predefined threshold (Likas
et al. 2003).

NNs represent computational models inspired by the struc-
ture and functioning of the human brain, including artificial
neural networks (ANN), recurrent neural networks (RNN),
and convolutional neural networks (CNN). Composed of
interconnected nodes known as neurons, organized into layers,
an NN processes input data through weighted connections,
incorporating activation functions at each neuron to introduce
non-linearity (Choi et al. 2020). During the training process,
the NN improves its performance by adjusting weights through
backpropagation and optimization algorithms, minimizing the
difference between predicted and actual outputs (Choi et al.
2020). NNs with multiple hidden layers are termed deep neural
networks, and the broader field of deep learning (DL) involves
training these networks to automatically derive hierarchical
representations of data, thereby enabling them to grasp intri-
cate patterns and features more effectively.

Basic process of machine learning

The fundamental procedure of ML involves four main steps:
data collection and collation, model training, evaluation, and
optimization, as illustrated in Figure 3. With the increasing use
of big data, which is characterized by enormous volume and
dimensionality, preprocessing is necessary to extract relevant
information. This preprocessing includes data visualization,
cleaning, and feature selection. Data visualization enables the
observation of data structures and patterns. Data cleaning is
helpful to improve data quality by identifying and eliminating
errors and inconsistencies. Feature selection aims to identify
the optimal subset of relevant features while eliminating irre-
levant or redundant ones. The modeling process should be
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Figure 3. The basic process of machine learning.

goal-oriented regarding the problem to be solved while con-
sidering the data characteristics such as distribution and bal-
ance. The dataset is initially divided into a training set and
a test set, and the training set is further divided into a training
subset and a validation set to validate the model’s configuration
and training. The model’s accuracy is evaluated using the test
set, which cannot be used for parameter tuning or model
selection. ML algorithms have several settings, including
model parameters updated through data learning and hyper-
parameters that regulate the algorithm’s performance by bal-
ancing bias and variance.

Machine learning in forest and biomass supply chain
processes

A substantial virtual dataset for the forest and biomass supply
chain is formed by aggregating extensive data generated across
processes, categorized into input data (resources, energy,
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materials, and labor consumption), output data (products
and emissions), and socio-economic data (costs and prices)
based on the relationship among chain components (Zhang
et al. 2020a). ML is essential for extracting valuable insights
from these raw data, contributing to improved management
efficiency and cost-effectiveness by enhancing knowledge of
the system, processes, technologies, and management frame-
works. Table 1 is a comprehensive overview of the prevailing
ML applications within the specific domains of forest inven-
tory, biomass estimation, harvesting and processing, storage
and transportation, and bioproduct conversion. Input data,
modeling algorithms, and inherent challenges are listed for
each of the application case scenarios.

Forest inventory

Forest inventory encompasses the systematic measurement
and assessment of forest resources and forms the foundation
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Table 1. Summary of machine learning applications in forest and biomass supply chain management.

Classification/Prediction Tasks Input Data

Volume/volume increment Inventory, ALOS and Sentinel data

Canopy height Landsat imagery, SAR and LiDAR data
Forest attributes

Forest residues
AGB

UAV imagery, ALS and TLS data
LiDAR data, satellite and UAV imagery
Harvesting area Inventory data
Machine productivity/
performance

Stand susceptibility
Biomass supply

Inventory, environment and operation data

Inventory data
Historical data

GIS data
GIS data
Biomass properties and distance matrix

Facility candidate sites

Vehicle routing

Uncertainty parameters

Biochar yield/carbon content

pyrolysis/torrefaction process conditions

Bio-oil yield/hydrogen
content/characteristics

HHV

H, concentration

Heavy metal sorption/
immobilization efficiency

pyrolysis/torrefaction process conditions
Experimental parameters

conditions

QuickBird imagery, field inventory and ASTER data

Proximate, ultimate, structural analysis of biomass and
Proximate, ultimate, structural analysis of biomass and
Experimental elemental compositions and HHVs

Biochar characteristics, metal sources and environmental

Recommended Models Challenges
ANN and SVM Spatial
autocorrelation, hidden layers
and transfer functions
RF and SVM High data dependency and model
transfer
RF and SVR High-resolution image
unavailability
CNN and RF Occlusion issue
ANN, RF, SVR and Tree-based  Data unavailability
models
Clustering and Monte Carlo Multivariate consideration
tree

Clustering, Ensemble, GBM, RF
and SVM models

Data availability and quality

BRT Model generalizability

DT and SVM Methodological decision-making
approaches

DT and LR Large-scale network problems

GA and hybrid models
SVM
ANN, GTB, NN, RF, XGBoost

Cross-cutting sustainability
Cross-cutting sustainability
Limited existing dataset
NN, RF Limited existing dataset
SVM hybrid models
DT, KNN and SVR

NN, RF, SVM and SVM-ANN
ensemble models

Limited existing dataset
Limited existing dataset
Limited existing dataset

Note: ALOS: advanced land observing satellite; SAR: synthetic aperture radar; LiDAR: light detection and ranging; ASTER: advanced spaceborne thermal emission and
reflection radiometer; UAV: unmanned aerial vehicle; ALS: airborne laser scanning; TLS: terrestrial laser scanner; GBM: gradient boosted machine; BRT: boosted
regression tree; GTB: gradient tree boosting; NN: neural network; XGBoost: extreme gradient boosting; HHV: higher heating value.

of forest planning and management. Forest attributes function
as indicators to assess ecological functions and ascertain forest
stability and resilience in response to biotic or abiotic stresses
(Zhao et al. 2019). Additionally, attributes related to timber
volume, growth, and stock can be used to estimate biomass and
indirectly quantify carbon sequestration and carbon dioxide
(CO;) cycling. However, traditional forest inventories con-
sume a lot of time, money, and labor and often fail to provide
detailed, landscape-scale information over large areas because
they tend to be confined to single ownerships or land uses, such
as private timberlands. Forest resource data in the United
States is available from the U.S. Forest Service (USFS) and
the U.S. Geological Survey (USGS). The USFS’s Forest
Inventory and Analysis (FIA) program provides insights into
forest area, tree species, size, and health, as well as overall tree
growth, mortality, and harvest removals. It also covers wood
production, utilization rates for different products, and forest
land ownership. The USGS manages high-resolution satellite
imagery, such as the National Land Cover Database (NLCD),
useful for monitoring land cover changes, forest health, and
biomass estimation. ML techniques find utility in this domain
by leveraging data such as RS imagery, satellite data, and aerial
surveys to facilitate accurate and efficient estimation of forest
characteristics.

Support vector regression (SVR) with multi-sensor satel-
lite data paired with field measurements can predict stand
volume more effectively than other tested algorithms, and
choosing the appropriate kernel function or creating hybrid
models can help improve the model’s accuracy (de Souza
et al. 2019; Chen et al. 2020). Integration of topographic
indices and texture features from different bands and

vegetation indices from optical sensors contributes to
explaining spatial variations of stand volume (de Souza
et al. 2019; Chen et al. 2020). Several theories have also
been proposed for modeling forest canopy height to deter-
mine long-term stand changes and trends. SVR models using
radar data as input can accurately estimate canopy heights at
high resolution (Pourshamsi et al. 2021). When combined
with satellite imagery, RF and DL models further enhance
the predictive capabilities, extending to the region level at
resolutions of 30-250 meters (Staben et al. 2018; Li et al.
2020).

ML can also predict forest properties based only on histor-
ical inventories and topographic data. Both ANN and SVM
enable accurate estimation of incremental volume using field-
measured terrain slope and aspect as input variables (Hamidi
et al. 2021). In another example, using field plot data, aerial
photography, and Landsat imagery, Hogland et al. (2019)
combined softmax neural networks with LR models to estimate
key forest characteristics across 2.3 million hectares in Georgia,
USA. RF has been found to have great advantages in predicting
stand information, and it has higher prediction accuracy and
lower error for stand age, diameter at breast height, tree height,
stand density, and canopy-related metrics (Shataee et al. 2012;
Zhao et al. 2019). Various approaches have been reported for
quantifying logging residues with the potential for predicting
forest biomass availability. The CNN, the refined ground algo-
rithm, and RF have been utilized to detect, segment, and count
fine and coarse woody debris from different data sources,
including drone images, airborne laser scanning returns, and
terrestrial laser scanner data (Windrim et al. 2019; Shokirov
et al. 2021).
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Biomass estimation

Aboveground biomass (AGB) is one of the key measurements
for carbon budget accounting, carbon flux monitoring, and
climate change studies (Dang et al. 2019). The rapid and
accurate estimation of AGB is critical for assessing biomass
availability and performing management practices. However,
the accuracy of empirical models is often unsatisfactory due to
the influence of environmental factors and small sample sizes,
as in allometric equations used in biomass estimation for
specific tree species and locations (Chung et al. 2017). As
a result, ML methods have been increasingly adopted by utiliz-
ing input data derived from sources such as LiDAR, hyper-
spectral imagery, and field measurements. The US DOE Oak
Ridge National Laboratory (ORNL) and National Renewable
Energy Laboratory (NREL) provide biomass data online,
including information on the quantity, distribution, and diver-
sity of biomass resources. This data is critical for informed
decision-making in biomass energy development, covering
agricultural and forestry products, animal wastes, and diverse
residues, with potential applications in power, heat, transpor-
tation fuels, and chemical production. A large number of
existing studies have confirmed that RF, SVR, ANN, and
a series of DT-based algorithms in corporations with RS data
have a great potential in accurately estimating AGB in various
applications.

Biomass predictive modeling typically considers multidi-
mensional variables, including stand or vegetation character-
istics, topographic features, climate conditions, and
management and disturbance history. The present studies
reveal that the RF outperformed the stochastic gradient boost-
ing algorithm in accurately predicting the spatial distribution
of AGB (Ghosh and Behera 2018; Dang et al. 2019).
Furthermore, the RF possesses the ability to further variable
selection, thus enabling the estimation of AGB with a minimal
set of variables. SVR combined with airborne LiDAR point
clouds has been evaluated for estimating AGB. Although the
performance of the SVR model is slightly inferior to that of the
ordinary least square model, its estimations are credible (Rex
et al. 2020). However, the stability of the model fluctuates
depending on the division of the dataset (Santi et al. 2020).

ANNSs have been applied in AGB estimation due to their
unique information processing and computational capabilities
compared to empirical statistical models. ANN can also be
used in combination with LR models (Hogland et al. 2019).
ANN shows substantial advantages for handling high-
dimensional nonlinear data (Rex et al. 2020; Santi et al.
2020). Although ANNSs are black-box models with unclear
mechanisms and not easy to generalize guiding procedures,
they have great potential for large-scale AGB estimation. Other
ML algorithms, such as cubist regression, stochastic gradient
boosting, extreme gradient boosting, gradient boosting trees,
extremely randomized trees, and light gradient boosting
machines, have also been applied in forest AGB estimation
(Gleason and Im 2012; Li et al. 2019; Rex et al. 2020; Zhang
et al. 2020b). ML has also been applied to estimate the biomass
of dedicated energy crops, including perennial grasses such as
switchgrass and miscanthus and fast-growing shrubs such as

hybrid willow. The estimation is generally based on vegetation
indices derived from unmanned aerial vehicle (UAV) images
or point clouds. RF models have been used to accurately
estimate the biomass of shrub willow and miscanthus, though
CNNs achieve higher accuracy in estimating shrub willow
biomass (Tamiminia et al. 2021; Impollonia et al. 2022).

Harvesting and processing

The dynamic and decentralized nature of forest biomass supply
often results in high logistics costs (Shadbahr et al. 2021),
which typically include felling, hauling, and processing in the
forest and processing, loading, and transportation between the
forest and the facility. Factors such as equipment type, job
layout, equipment movement, fuel consumption, and operator
skill can determine environmental impacts, especially with
regard to negative soil impacts, residual stand damage, and
GHG emissions. To mitigate these impacts, ML models can
be used to optimize logistics and equipment required for stra-
tegic and operational planning of biomass harvesting, and to
help operators minimize negative environmental outcomes.
Strategic planning of feedstock harvesting aims to determine
the approximate size and boundaries of the harvest area and
the amount to be harvested. Optimized harvesting strategies
can help extract feedstocks that maximize benefits to stake-
holders and ensure sufficient regeneration and restoration to
meet sustainability criteria.

An ensemble coverage model used a spectral clustering
algorithm to identify felling area clusters with minimal spatial
dispersion and roughly equal timber volume among clusters
(Mobtaker et al. 2018). The Monte Carlo simulation was used
to eliminate the multi-objective constraint problem of the
clearcut area, total habitat area, and core area inside habitats,
thus promoting biological conservation and avoiding forest
fragmentation caused by small clearcuts (Neto et al. 2020).
Besides, ML models can help minimize the damage caused to
residual stands during harvesting operations, especially during
skidding operations. For example, the boosted regression tree
was applied to predict stand susceptibility to damage, outper-
forming LogR and RF (Shabani et al. 2020, 2021). Generated
stand damage susceptibility maps have practical implications
for harvest planning and demonstrate the potential of ML
methods in forest operations and engineering.

ML techniques have also been used to estimate the pro-
ductivity of harvesting machines by involving sensor data
from logging equipment, video feeds, and operational
records. Lopes et al. (2022) applied ML to estimate the
productivity of an excavator-based grapple saw based on its
harvesting condition and operation data records. They indi-
cated a combination of genetic algorithm (GA)-RF feature
selection with RF prediction can yield better accuracy and
robustness of the productivity estimation. The gradient
boosted machine and SVM showed promise in predicting
mechanized cut-to-length productivity while considering
variables related to the environment, machinery, and opera-
tor (Liski et al. 2020). Munis et al. (2022) tested 24 algo-
rithms to estimate the productivity of harvesters and found
that combining ensembles achieved acceptable accuracy but
was not a significant improvement over a single algorithm.



Melander et al. (2020) employed the clustering method to
fuse open forest data and machine fieldbus data (e.g. perfor-
mance data from actuators, sensors, and controllers), helping
to explain the relationship between machinery performance
and forest attributes.

Storage and transportation

The logistical components of forest and biomass supply
chains are multi-feedstock flows to storage, preprocessing,
and conversion facilities during the post-harvest phase.
However, sustainable, robust, and high-quality feedstock
supply faces challenges related to cost- and time-sensitive
storage and transportation issues. Biomass resources
undergo a growth cycle, from planting to cultivation to
harvest, and some exhibit seasonal characteristics
(Rentizelas et al. 2009). While the supply of feedstocks is
seasonal, the demand from facilities remains consistent
throughout the year. Selecting the least costly storage
method while preventing biomass degradation is always
challenging (Yue et al. 2014). Compared with fossil energy,
biomass resources are spatially dispersed, and their large
volume and low energy density create significant barriers to
storage and transportation. Consequently, well-planned
logistics require extraordinary efforts to integrate supply
chain networks, facility locations, vehicle routing, and the
capacity of depots and vehicles.

Various mathematical programming models have been
developed for forest and biomass storage and transportation
optimization. Linear programming improves woody biomass
logistics (Lin et al. 2016), while MILP optimizes the bio-
based supply chain and forest biomass supply network
(Mirkouei and Haapala 2015; Guo et al. 2020). Simulation
methods like discrete event simulation analyze inventory
management impacts on demand fulfillment, costs, and
emissions in forest biomass supply chains (Akhtari et al.
2019). GA effectively tackles vehicle routing problems in
biomass transportation (Gracia et al. 2014) and combining
GA and particle swarm optimization in discrete event simu-
lation enhances vehicle scheduling efficiency (Pinho et al.
2018).

However, mathematical methods often struggle to find
optimal solutions for non-convex or large-scale problems
(Castillo-Villar 2014), such as supply chains that involve
multiple feedstocks flowing through a large network of sup-
pliers and intermediate storage facilities (Helal et al. 2023).
Since ML focuses on classification and regression learning,
its primary function in solving optimization problems is
reflected in variable classification and parameter prediction
to simplify calculations. For instance, ML methods have been
applied to select biomass feedstock suppliers using DT to
define feedstock types and SVM to evaluate suppliers
(Mirkouei and Haapala 2014). Similarly, potential biomass
harvesting sites were classified using DT analysis, while
SVMs were used to determine patterns of uncertainties
(Mirkouei et al. 2016, 2017). ML methods were also
employed to select potential depot locations for the supply
chain of biomass co-firing. Goettsch et al. (2020) incorpo-
rated LogR, DT, RF, and multilayer perceptron neural
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networks into a MILP model to reduce costs, with both
LogR and DT achieving better results.

Bioproduct conversion

Thermal conversion processes, including combustion, pyroly-
sis, torrefaction, hydrothermal liquefaction, and gasification,
are widely used to produce value-added solid, liquid, and gas-
eous bioproducts (Naqvi et al. 2023). However, the reaction
process’s complexity and nonlinear parameters necessitate the
modeling of thermal conversion processes to determine opti-
mal operating conditions and assess the effects of parameters
on the output. To this end, mathematical and kinetic models
have been constructed and used to analyze process behavior
and evaluate the effects of the various parameters. These mod-
els mainly rely on transport phenomena and kinetic equations,
which require extensive experimental efforts, consuming time
and resources. ML has been increasingly utilized to control and
optimize thermal conversion processes and predict bioproduct
properties.

Co-pyrolysis of biomass with other feedstocks has demon-
strated the potential to enhance the yield of liquid fuels or
upgrade bio-oil. However, conventional pyrolysis kinetic mod-
els do not account for the synergistic effects of multiple feed-
stocks. Recent studies have utilized RF modeling to accurately
predict coal and biomass co-pyrolysis (Wei et al. 2022).
Extreme gradient boosting and neural network models have
also been employed to predict biochar and bio-oil yield in the
co-pyrolysis of plastics and biomass (Alabdrabalnabi et al.
2022). As torrefaction can significantly alter the calorific
value of biomass, hybrid ML models were proposed to detect
higher heating values, as highlighted by Garcia Nieto et al.
(2019) and Nieto et al. (2019). In hydrothermal liquefaction,
water is typically a solvent, and process parameters (tempera-
ture, pressure, and time) are set based on the desired products
(Marzbali et al. 2021). ML techniques have been combined
with experiments and molecular dynamics simulations to esti-
mate the impact of solvents on the reaction rate of liquid-phase
acid-catalyzed biomass conversion (Walker et al. 2020).
Furthermore, a decision support system that leverages ML
algorithms has been developed to predict optimal hydrother-
mal liquefaction process parameters (Gopirajan et al. 2021).

On the other hand, the thermal conversion of biomass can
result in a wide range of energy, fuel, chemical, and material
co-products. This highlights the need for further exploration
of ML methods applied to specific supply chains and pro-
ducts. For example, ML can predict biochar yields based on
biomass composition/characteristics and pyrolysis condi-
tions. RF, gradient tree boosting, and multilayer perceptron
neural network models have high accuracy and provide
insights for system optimization and environmental footprint
assessment of biochar production (Zhu et al. 2019; Onsree
and Tippayawong 2021; Li et al. 2022). The ANNs incorpor-
ating metaheuristic algorithms also simplified the prediction
of biochar yield (Khan et al. 2022). Additionally, ML can
predict metal sorption efficiency based on biochar properties
and environmental conditions, opening up a direction for
soil and water pollution treatment (Zhu et al. 2019; Ke et al.
2021; Palansooriya et al. 2022). The feasibility of RF, ML
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regression, and a fuzzy-based algorithm was demonstrated
for bio-oil yield prediction (Tang et al. 2020; Ge et al. 2021;
Sujith et al. 2022; Zhang et al. 2022). RF was also successfully
applied to the analyses of hydrogen content, viscosity, calori-
fic value, oxygen-carbon ratio, and hydrogen-carbon ratio of
bio-oil (Tang et al. 2020; Zhang et al. 2022). Regression
models based on KNN, SVM, and DT were studied to predict
H, concentration during gasification using process para-
meters as inputs (Ozbas et al. 2019).

Conclusions

A rich body of research shows that ML has emerged as
a promising technology in supporting forest and biomass
supply chain decision-making at all levels, from strategic to
operational and tactical. It can be used to improve supply chain
efficiency and environmental and economic sustainability.
However, data availability and quality remain pressing chal-
lenges to implementing an ML model and application. ML has
the potential to revolutionize forest or stand attribute estima-
tion by rapidly training big data derived from RS and resource
inventories and applying scalable predictive models to other
similar ecosystems or regions. Accurate predictions of forest
and resource attributes can facilitate the development of forest
or biomass management regimes and policies while reducing
environmental impacts. Nonetheless, the effectiveness of ML
in generating accurate forest inventories depends on the avail-
ability of large amounts of high-quality data, which may be
limited in some cases. This is especially true of field-based data,
which is often needed for model training and validation.
Moreover, combining ML and RS technologies poses technical
challenges, although it can enable large-scale biomass estima-
tion in areas where traditional methods are not feasible. Real-
time biomass monitoring Al systems can be developed to track
spatial and temporal changes in biomass. ML has undoubtedly
improved the scale and efficacy of biomass estimation, but
acquiring and processing the necessary datasets, including
satellite imagery, field measurements, and environmental
data, can be both time-consuming and costly.

In contrast to other stages of the supply chain, there have
been relatively few ML applications in harvesting and proces-
sing due to the dynamic, highly variable, and complex nature of
forest biomass feedstocks, which are influenced by various
environmental factors. However, ML can still provide benefits
in supply chain efficiency, sustainability, and quality control.
For example, it can optimize transportation routes and storage
locations by considering supply, demand, and procurement
distance. It can also be used to predict and monitor changes
in feedstock properties over time, including mass loss in sto-
rage. But developing ML models that accurately capture multi-
objective value chains, including reducing costs and environ-
mental impacts, meeting demand, maintaining quality control,
and stimulating regional biomass economies can be challen-
ging. Across diverse conversion pathways, ML has been applied
to predict and optimize process parameters in biomass conver-
sion to a wide range of bioproducts. Still, limited data linking
feedstock composition, processes, and products make it chal-
lenging to train ML models. The opportunities of ML for
sustainable development and management of forest and energy

crop biomass are significant. Solving big data challenges will be
crucial to ensuring the accuracy and reliability of ML models
and applications, and fully realizing ML’s exciting potential.
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