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Abstract: Forest ecosystems face increasing pressures from climate change, biodiversity loss, and human activities,
necessitating innovative tools for management and prediction. Forest digital twin is emerging as a transformative tool
for monitoring, simulating, and managing forest ecosystems. By integrating multi-source big data — satellite imagery,
airborne and terrestrial LIDAR, Internet of Things (IoT) sensors, and process-based ecological models — the forest digi-
tal twin can provide dynamic, high-resolution representations of forest structure and function. This review integrates
and analyses recent advances reported across 56 scholarly works and finds several gaps in current research, including
limited real-time integration of IoT and remote-sensing data, weak interoperability between modelling platforms, and
insufficient multi-scale ecological representation. This review addresses these shortcomings by synthesising the tech-
nological, ecological, and computational components required for a functional forest digital twin. Overall, the review
provides a coherent conceptual framework, identifies critical research priorities, and demonstrates how digital twin
technologies can transform forest monitoring and management through adaptive, data-driven decision support.
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The concept of the digital twin originated within
engineering disciplines (Sjarov et al. 2020; Agrawal
et al. 2022; Ding et al. 2026), particularly aerospace
and advanced manufacturing, where virtual rep-
licas of physical assets were developed to enable
real-time monitoring, performance optimisation,
and predictive maintenance. Over the past dec-
ade, this paradigm has broadened to environmen-
tal sciences, leading to the emergence of the forest
digital twin — a dynamic, data-informed virtual

representation of forest ecosystems (Hejtmdanek
et al. 2022; Lv et al. 2022; Dollner et al. 2023; Taga-
rakis et al. 2024). Herein, a forest digital twin is de-
fined as a continuously updated, spatially explicit,
and computationally executable virtual represen-
tation of a forest system that maintains a dynamic
linkage with its physical counterpart through data
assimilation, process models, and feedback mecha-
nisms, enabling monitoring, simulation, predic-
tion, and scenario testing across multiple spatial
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and temporal scales. Three minimum criteria are
essential for this definition: first, the digital repre-
sentation must be continuously synchronised with
the physical forest via observations (e.g. remote
sensing, in situ sensors). A static map or one-time
inventory does not qualify. Second, the twin must
encode forest processes (e.g. growth, mortality,
disturbance, carbon fluxes, management actions)
that can evolve forward in time. Third, informa-
tion flows from forest to twin (data assimilation)
and from twin to decision-making (forecasting,
optimisation, risk assessment). Without this feed-
back loop, the system is better described as a digi-
tal model or platform, not a twin (Silva et al. 2023;
Tagarakis et al. 2024). A forest digital twin thus
should have its capacity for bidirectional informa-
tion exchange between the physical and virtual
systems (Ozel, Petrovic 2023; Wallgriin et al. 2021;
Wang et al. 2022). As new observations become
available, data assimilation algorithms could up-
date the model's state variables, thereby reducing
uncertainty and improving predictive accuracy.
Moreover, the digital twin could generate forecasts
and scenario simulations, such as future forest
growth, forest fuel accumulation, or disturbance
spread, which can inform monitoring priorities
and management interventions in the physical sys-
tem. This tight coupling facilitates adaptive man-
agement by allowing forest practitioners to explore
multiple 'what-if' scenarios and evaluate outcomes
before they are implemented on the ground (Ozel,
Petrovic 2023; Riaz et al. 2023).

At its core, a forest digital twin integrates het-
erogeneous big-data sources (Sasaki, Abe 2025;
Iwaszczuk et al. 2023; Dao et al. 2025), including
remote satellite optical and radar time series, air-
borne and terrestrial Light Detection and Ranging
(LiDAR) derived data, forest inventory datasets,
and an expanding suite of in situ sensors such
as dendrometers, sap flow sensors, soil tempera-
ture and moisture probes, and other microclimate
loggers. These multimodal datasets are combined
within a unified framework to provide spatially
explicit, temporally continuous representations
of forest conditions (Jo et al. 2025). The integra-
tion of such diverse data sources enables the digital
twin to characterise forest processes across hier-
archical levels, ranging from individual-tree mor-
phology and stand structure to landscape-scale
carbon dynamics and disturbance regimes (Huang
et al. 2020; Li et al. 2024).
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A forest digital twin is typically conceptualised
as a cyber-physical system comprising three in-
terconnected layers (Buonocore et al. 2022; Yun
et al. 2022; Chen et al. 2025). The physical layer
encompasses the real-world forest and its sensing
infrastructure. The data integration layer includes
pipelines for data ingestion, preprocessing, fusion
and storage, often hosted on scalable cloud plat-
forms. The application layer provides user-facing
tools, dashboards, and decision-support interfaces
that translate model outputs into actionable in-
sights for managers, policymakers, and research-
ers. This modular architecture not only ensures
flexibility and interoperability but also facilitates
the incorporation of new sensors, models, and
management objectives (Figure 1).

As a result of these capabilities, forest digital
twin is increasingly positioned as a transformative
approach for sustainable forest management, cli-
mate change mitigation, and ecological forecasting
(Damasevicius, Maskelitnas 2024; Li et al. 2022;
Huang et al. 2024). They offer great opportunities
to monitor forest health, evaluate carbon seques-
tration potential, assess fire behaviour under vari-
able conditions, and quantify the impacts of pests,
pathogens, and extreme weather events (Zhang
etal. 2016). Moreover, a forest digital twin reduces
operational risks and supports evidence-based de-
cision-making by allowing managers to test inter-
vention strategies, such as alternative harvesting
regimes, thinning prescriptions, or fuel-reduction
treatments, within the virtual environment before
practical implementation (Holm, Schweier 2024;
Hejtmaének et al. 2022; Qiu et al. 2023). For exam-
ple, in simulation experiments using 63 historical
North American wildfires in the year 2016 and
a structured multi-channel environmental data-
set (e.g. climate data, vegetation data), a proposed
digital twin's similarity-based hybrid model re-
duced average prediction error by approximately
50% relative to the physics-based model (Yun
et al. 2022). Specifically, this hybrid model com-
bines a physics-based wildfire spread model (FAR-
SITE, Fire Area Simulator — Model Development
and Evaluation) with a data-driven correction
component and similarity-based training data se-
lection. As global demands intensify for accurate,
timely, and scalable forest information, digital
twins represent a promising frontier in the inte-
gration of big data, ecological modelling, and ad-
vanced computation.
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Figure 1. The basic conceptual architecture of a forest digital twin

MATERIAL AND METHODS

We systematically searched Google Scholar us-
ing combinations of the terms 'forest digital twin/,
'digital twin', and 'forest'. This criterion was used
because we focused only on the research progress
of forest digital twin, but not on the forest dynam-
ic models, 3D models, machine learning or deep
learning-based tree or forest reconstruction and
forest ecological workflows. Search strings were
restricted to English. The search was extended
to scrutinise references in each article for addition-
al studies. This iterative process continued until
no further relevant studies were found, from Janu-
ary 10 to February 21, 2025. Subsequently, titles and
abstracts of the resulting papers were reviewed, fol-
lowed by a thorough examination of the full text
for relevance. Considering the forest digital twin
is a new topic that emerged during the past five
years, editorial articles without methods but spe-
cifically calling for forest digital twin were included;
purely theoretical/conceptual digital twin papers
without application were also included. Publica-
tions outside relevant forest domains (e.g. purely
automotive digital twin) were excluded. We listed
all the publications in Table S1 in the Electronic
Supplementary Material (ESM). Published papers
started in the year 2021, and the number (56 in to-

tal) was limited up to now, indicating that the forest
digital twin is still in its infancy. Conceptual frame-
works/proposals, forest management, forest fire/
disturbance case studies, and urban forest studies
are the four main branches in this field. A very lim-
ited number of forest digital twins were dedicated
to the forest industry or operation. Hence, true
real-world forest digital twin implementations are
still emerging, and many studies are frameworks,
prototypes, or experimental systems rather than
fully operational or bidirectional systems.

DATA SOURCES FOR THE FOREST
DIGITAL TWIN

The forest digital twin is based on multi-scale,
multi-source data streams that together represent
near-real-time forest conditions and long-term eco-
logical dynamics. Remote satellite technologies are
frequently used to gather high-resolution data on for-
est biodiversity and environmental conditions (Lech-
ner et al. 2020; Radocaj et al. 2020). Those images
can capture forest phenology, biomass, disturbances,
and other spectral and radiometric properties. Con-
tinuous optical or Synthetic Aperture Radar (SAR)
data provides temporal dynamics (phenology and
disturbance). Sentinel-2, for example, offers high-
resolution optical imagery (10 m to 60 m), making
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it great for monitoring forest types and health (Grab-
ska et al. 2019; Lastovicka et al. 2020). Different types
of forest damage were identified based on Sentinel-2
satellite images, and tree species classification was
also actionable (Molndr, Kirdly 2024). The National
Aeronautics and Space Administration (NASA)'s
Landsat program is frequently used for large-scale
forest monitoring (Woodcock et al. 2001; Banskota
et al. 2014). For example, Landsat 7 imagery from
2001 to 2021, collected at annual intervals, was used
to predict forest canopy characteristics and tree
species (Jiang et al. 2022). Structure-from-Motion
photogrammetry also has excellent potential in the
future development of the forest digital twin (Sujas-
wara, Hasegawa 2023).

LiDAR techniques provide a comprehensive rep-
resentation of forest structures (Yusup et al. 2022;
Chen et al. 2024) that can measure tree heights,
canopy density, biomass, and even detect forest
undergrowth, which helps to create more precise
representations of forest ecosystems (Ambarwari
et al. 2024). With these advantages, the LiDAR tech-
nique has been widely used in forest inventory, bio-
mass estimation, and carbon storage assessment (Hu
et al. 2016; Borsah et al. 2023; Coops et al. 2025).
The collection of point cloud data can be carried
out through various platforms, such as spaceborne
LiDAR, Airborne Laser Scanning (ALS), Unmanned
Aerial Vehicle-borne Laser Scanning (ULS), Mobile
Laser Scanning (MLS), and Terrestrial Laser Scan-
ning (TLS). Studies have demonstrated that a syn-
ergy of ICESat-2 (spaceborne LiDAR) with other
remote sensing data can make a crucial contribution
to spatial-continuous forest canopy height mapping,
especially for areas covered by different types of for-
est (Xi et al. 2022; Gautam et al. 2025). Global Eco-
system Dynamics Investigation (GEDI) is the only
full-waveform spaceborne LiDAR system designed
specifically to measure the vertical structure of veg-
etation, and it has the penetration ability in dense
vegetation (Potapov et al. 2021; Xu et al. 2024). ALS
can provide the landscape-scale structural back-
bone of a digital twin, delivering wall-to-wall ter-
rain and canopy-height information essential for
initialisation, spatial context, and upscaling (Hyyp-
pé et al. 2009; White et al. 2013). ULS complements
this by supplying ultra-high-resolution, flexible,
and frequently repeatable measurements of crown
architecture and fine-scale canopy change, ena-
bling dynamic updates at the tree and stand levels
(Panagiotidis et al. 2022). MLS contributes detailed
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stem and understory information along accessible
corridors, efficiently capturing structural elements
that are poorly resolved from above and support-
ing validation of canopy-derived metrics (Mokros
et al. 2021; Stovall et al. 2023). TLS can provide the
plot-level reconstructions of stems, branches, and
understory vegetation, forming the ground-truth
reference needed to calibrate and validate all other
platforms and to parameterise biophysically realistic
tree models (Newnham et al. 2015). Each platform
has advantages and disadvantages; however, a large-
scale forest digital twin may require a multiscale
laser scanning strategy because no single platform
can capture the full range of structural and temporal
processes that govern forest dynamics. The geomat-
ic-based approach is also viewed as operationally
more efficient than traditional forest field surveys,
requiring fewer personnel and less on-site work
(Cheng et al. 2025). Nevertheless, the entire work-
flow of a forest digital twin needs to account for
both field measurements and LiDAR scanner data
(Nita 2021).

In situ physical sensors placed within forests can
monitor parameters like temperature, soil moisture,
air quality, and forest health, and feed continuous,
near-real-time data. The forest acoustic sensors can
monitor tree vibrations (e.g. caused by pests), and
thermal sensors can assess plant stress. Integration
of Internet of Things (IoT) and sensor networks
is central to some forest digital twin frame-
works (Aydin, Oktug 2024). For instance, a recent
architecture for forest restoration digital twin in-
cludes an IoT-enabled physical layer to capture
environmental variables as part of its 'real-time'
capability (Sasaki, Abe 2025). A multi-ontology
network was proposed by combining the semantic
sensor network and sensor, observation, sample,
and actuator ontologies for sensor and observa-
tion data, the GeoSPARQL ontology for geospatial
representation, and two domain-specific ontologies
for fire prevention and emergency response (Dao
et al. 2025). A synthetic dataset containing thou-
sands of forest plots with detailed structural labels
was used to produce Boreal3D (Liu et al. 2025).
They demonstrated the versatility and effectiveness
of synthetic datasets in advancing forest scene anal-
ysis by evaluating the multiple platforms (e.g. ALS,
MLS, and TLS) and diverse tasks. All the data
sources and the associated technologies pave the
way for scalable and robust solutions in forest eco-
logical research and management (Table 1).
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The integration of IoT with advanced forest mod-
elling platforms such as Boreal3D, iLand, and LAN-
DIS-II, enables a multi-scale, data-driven approach
to a forest digital twin. IoT provides real-time,
ground-based measurements (e.g. microclimate,
soil moisture, tree growth sensors). These continu-
ous data streams improve the accuracy of model
initialisation, calibration, and validation. Forest
dynamic models form the ecological core of a for-
est digital twin by simulating how forests grow,
interact, and respond to environmental change
across multiple scales. Models such as iLand cap-
ture fine-scale, tree-level physiological processes
and competition, while LANDIS-II represents
long-term landscape dynamics including succes-
sion, disturbances, and management scenarios.
When combined with real-time data streams from
IoT sensors, these models allow the digital twin
to continuously update, forecast future trajecto-
ries, and support adaptive forest management with
both spatial and ecological realism.

INTEGRATING BIG DATA
INTO A DIGITAL TWIN

Bridging the multiple data sources with mod-
els or between sensors is thus the core procedure
of the forest digital twin. Integrating big data —
characterised by high volume, variety, and verac-
ity from sources like satellite images, IoT sensors,
and environmental inputs — into the digital twin
is essential for enhancing accuracy, reducing noise,
handling uncertainties, enabling predictive analyt-
ics, and supporting applications.

Data fusion and data assimilation. Data fusion
and data assimilation in the forest digital twin
need to accommodate the spatial heterogeneity,
nonlinear dynamics, and multi-sensor complexity
of forest ecosystems. Classical approaches, such
as the Kalman Filter, can be adapted to integrate
dendrometer data, soil moisture probes, and mul-
tispectral or LiDAR observations into growth and
carbon-cycle models (Joyce 2002; Lin et al. 2019;
Puhm et al. 2020), though their assumptions
of near-Gaussian error structures can be limit-
ing in disturbance-prone (e.g. insect outbreaks,
windthrow) forests. Ensemble-based methods,
particularly the Ensemble Kalman Filter, are con-
sidered to be more powerful because they handle
nonlinear processes and high-dimensional state
vectors (Gao et al. 2011; Rochoux et al. 2015;

Chen et al. 2023), enabling assimilation of forest
canopy structure, biomass, and phenology from
LiDAR, SAR, and optical satellites into models
such as iLand and LANDIS-II. The ensemble ap-
proaches also support localised filtering, which
is essential for forests with fine-scale variability
in species composition, canopy structure, and
microclimate.

More flexible techniques that do not rely
on Gaussian assumptions, such as particle fil-
ters (Van Leeuwen 2009), are increasingly used
when forest dynamics exhibit threshold behav-
iour or multimodality, such as regeneration and
disturbance recovery. Particle filter is a Monte
Carlo—based Bayesian method that builds on the
principles of ensemble approaches by represent-
ing the posterior distribution of state variables
with a set of weighted particles (Li et al. 2019).
Particle filters have shown their good abil-
ity to predict the propagation of controlled fires
and to significantly increase fire simulation ac-
curacy (Silva et al. 2014). A multi-sensor fusion
framework should combine spectral (multispec-
tral, hyperspectral), structural (LiDAR), and tem-
poral (e.g. flux towers, dendrometers) data using
Bayesian hierarchical models, Gaussian processes,
or hybrid machine learning—assimilation systems
to improve observation operators and capture
competition, phenology, and canopy radiative
transfer in heterogeneous stands (Seiler 2025; Re-
ichstein et al. 2019). Hence, all these methods en-
able near real-time updating of the forest digital
twin while acknowledging the latency and uncer-
tainty inherent in ecological sensing.

Machine learning. With the development
of technology and computational power, ma-
chine learning has been used to train and process
big data in forest ecosystems (Raihan 2023; Nie
et al. 2022). Growth of forest biomass, tree mor-
tality rates, or the spread of pests and diseases,
for example, have been predicted based on his-
torical data and near-real-time environmental
data (Rocha et al. 2018; Bayat et al. 2019; Yang
et al. 2024). Machine learning algorithms are also
powerful in identifying different tree species and
other key ecological features (Fisher et al. 2024;
Reisi Gahrouei et al. 2024). This is essential for
creating an accurate digital twin and sustainable
forest management (Yang et al. 2024). Deep learn-
ing models are particularly effective for processing
unstructured data, like imagery (Wang et al. 2021;
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Seydi et al. 2022). These models are trained to de-
tect subtle patterns in satellite or drone images,
such as identifying tree species or assessing for-
est vitality by quantifying leaf chlorophyll content.
An average classification accuracy higher than
93% was found for the tree classification based
on the 3D point cloud data (Zou et al. 2017).
A novel deep learning model called CNN-BiL-
STM for near-real-time wildfire spread prediction
was used to capture spatial and temporal patterns
(Marjani et al. 2024).

Hybrid model-data systems are foundational
to truly 'dynamic’ ecological twins (De Koning
et al. 2023). Technologies such as Graph Neural
Networks (GNNs) and Temporal Convolutional
Neural Networks (TCNNs) can effectively model
complex spatial relationships together with tem-
poral dynamics in forest ecosystems (Shahriar
et al. 2025). GNNs model the spatial structure
of forests by representing trees, plots, or stands
as nodes connected by ecological relationships
such as competition, proximity, or hydrological
flow. This allows the twin to capture spatial de-
pendencies in processes like growth, mortality,
pest spread, and fuel connectivity. TCNNs can
model long-term temporal patterns, such as sea-
sonal phenology, climate responses, and distur-
bance dynamics, by using time-series data from
satellites, sensors, and inventories. GNNs and
TCNNs used together can form a spatiotemporal
modelling engine that continuously updates the
digital twin as new data arrive, enabling realis-
tic forecasting and scenario simulation (Annane
et al. 2024; Huang et al. 2024). Semantic digital
twin uses ontologies and reasoning to infer fire
risks and resource allocations (Dao et al. 2025).
This allows not just data fusion but also knowl-
edge inference, enabling richer decision support
(alerts, resource suggestions). Such studies ad-
vanced forest wildfire risk assessment by combin-
ing hybrid models, offering a scalable and robust
framework for forest fire forecasting and proac-
tive wildfire management under changing climatic
conditions.

Cloud computing. Large-scale data lakes are
often used to store data from various sensors,
satellite imagery, and other sources. These lakes
provide a centralised, scalable storage solution
for processing and querying massive amounts
of environmental data. Cloud computing, a new
high-performance computing paradigm designed
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to tackle computation-intensive problems, be-
comes a promising solution technique (Yang
et al. 2010; Zhang et al. 2016). Cloud platforms
such as Amazon Web Services, Microsoft Azure,
and Google Earth Engine (GEE) offer comput-
ing power to run the data processing and ma-
chine learning models that power the digital twin
(Moore, Hansen 2011; Padarian et al. 2015; Yang
et al. 2019). These platforms can handle the stor-
age and near-real-time processing of diverse data-
sets from IoT devices, satellites, and other sources.
Based on GEE, a feasible cloud computing method
can be used to solve the intensive computational
challenges in the analysis of massive remotely
sensed data for aboveground biomass estimation
(Yang et al. 2019). A generalised approach was
introduced for mapping crop yields with satellite
data by using GEE (Lobell et al. 2015). Technolo-
gies like data integration platforms and Application
Programming Interfaces (APIs) are used to ensure
that all data is accurately merged and synchronised
in near real-time (Domdouzis et al. 2010; Bowie
et al. 2014). As forest management often involves
multiple stakeholders (governments, companies,
conservation organisations), blockchain technol-
ogy is being explored to ensure data integrity and
transparency (Sasaki, Abe 2025). Blockchain can
be used to verify and record forest data in an im-
mutable ledger, ensuring that all participants
in forest management systems have access to relia-
ble, unaltered information (Buonocore et al. 2022;
Varveris et al. 2025). Managers and practitioners
interested in using blockchain in the forestry sec-
tor, however, should consider the potential risk
of data breach and cyberattack (He, Turner 2022).

Visualisation and augmented reality. A digital
twin is typically visualised in 3D to better repre-
sent the complex structures of a forest. GIS soft-
ware, 3D modelling tools, and specialised forest
simulation tools allow users to explore virtual
models of forests and simulate various scenarios
(such as LANDIS-II and iLand). Virtual reality and
augmented reality are being explored to provide
immersive experiences for forestry profession-
als and decision-makers (Chandler et al. 2022;
Murtiyoso et al. 2023; Verstraete et al. 2025). With
augmented reality, users could overlay digital infor-
mation onto near-real-world forests, helping them
visualise forest health, tree species, and manage-
ment interventions directly in the field (Holm, Sch-
weier 2024; Li et al. 2023; Qiu et al. 2023).
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APPLICATIONS OF THE FOREST
DIGITAL TWIN

Forest management. The application of digital
twin technology in forest management holds signifi-
cant potential for the forest landscape and industry,
offering innovative solutions to enhance monitor-
ing, decision-making, and resource management
(Zohdi 2024; Klippel et al. 2021). Forest digital twin
developed through remote sensing data and forest
inventory information offered valuable insights into
the spatial dynamics of individual tree growth and
forest structure in managed and protected forest
areas (Nie et al. 2022; Murtiyoso et al. 2023). This
is particularly relevant for forest management pro-
grams that aim to balance resource extraction with
the preservation of biodiversity and ecosystem ser-
vices. A forest digital twin was constructed by us-
ing remote sensing data, forest inventory data, and
Cesium Digital Earth Engine (Qiu et al. 2023). This
study provided a novel pattern for in-depth analy-
sis of forest spatial structure, individual tree dy-
namic growth and human-digital twin interaction
effects. The effects of thinning and pruning were
also simulated. Furthermore, advanced models like
Reinforcement Learning-based Adaptive Digital
Twins could help forest managers understand the
dynamic nature of forest ecosystems, providing in-
sights into how forest ecosystems are evolving and
how best to manage them using advanced IoT data
and spatiotemporal modelling (Damasevicius,
Maskelianas 2024). A methodology for developing
a digital twin of Earth's forests has been proposed
(Mottus et al. 2021), crucial for managing the ex-
tensive forest resources and monitoring carbon
sequestration across vast areas. A deep learning-
based framework that accounts for location, crown
area, and height for each individual tree from
aerial images at the country level was provided
(Li et al. 2022). This study lays the foundation for
a global database, where every tree can have its dig-
ital twin and is spatially traceable and manageable.

Forest ecology. Forest digital twin can monitor
carbon storage and sequestration, simulate the ef-
fects of climate scenarios on forest ecosystems, and
help governments and organisations strategise for-
est preservation efforts to mitigate climate change.
For instance, the iLand model (Rammer et al. 2024;
Thom et al. 2024) has been demonstrated as a tool
capable of constructing a digital twin of forest
landscapes by simulating multi-decadal dynam-

ics under alternative climate (a climate warming
of 1°C, or of 4.8°C) and management scenarios
(Anja 2024). Prototype forest digital twin uses
LANDIS-II as the landscape-level simulation core,
integrated with biodiversity models and optimisa-
tion workflows to support adaptive management
decisions. The outputs from LANDIS-II have been
used to generate immersive digital representa-
tions of future forest states, illustrating the utility
of process-based models within embodied digital
twin applications (Wallgriin et al. 2021). These dy-
namic forest models are needed in forest digital
twin frameworks because they bridge the gap be-
tween raw data (e.g. from IoT sensors or satellites)
and sophisticated simulations, allowing for near-
real-time updates, risk mitigation, and decision
support systems that go beyond static mapping
or simple statistical tools. They embody the digital
twin ethos of creating interactive, evolving virtual
counterparts to physical forests, aiding in chal-
lenges like climate resilience and sustainable man-
agement (Buonocore et al. 2022). In short, they are
not digital twin by themselves, but they serve as the
simulation engine within the twin architecture.
Additionally, forest digital twin frameworks like
those developed for the Brazilian Amazon (Silva
et al. 2023), which study greenhouse gas emissions,
carbon sinks, and balance within complex forest
ecosystems, could be adapted to the other diverse
forest landscapes to enhance the understanding
and management of their carbon dynamics.

Forest disturbance. By integrating near-real-
time environmental data, a digital twin can simu-
late forest disturbance behaviour and predict risks,
enabling more effective management and preven-
tion strategies. For example, with growing concerns
about the spread of pests like the spruce budworm,
a digital twin was employed to simulate how these
threats might affect forest dynamics and help devise
targeted management strategies (Lv et al. 2022).
A forest digital model was used to analyse fire be-
haviour using variables such as the rate of combus-
tion and the time it takes for a species to be wholly
burned (Sanchez-Guzman et al. 2022). The pro-
posed digital twin also runs 500 times faster for
online predictions than the original JULES-INFER-
NO model without requiring high-performance
computing clusters (Zhong et al. 2023).

Digital twin frameworks, such as the one devel-
oped by Duality Al, simulate forest fires to detect
them early and assess their severity and spread.
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By creating virtual models of forest environments,
these simulations help predict fire behaviour, which
is crucial for effective firefighting strategies and
minimising environmental damage (Charles 2020).
IoT-based systems have revolutionised forest fire de-
tection by providing real-time data from remote ar-
eas (Mohanty et al. 2024). Wireless sensor networks,
such as those using nRF241L.01 modules, monitor en-
vironmental parameters like temperature, humidity,
and smoke intensity (Anshad et al. 2023). These sys-
tems use tree or mesh topologies for data transmis-
sion, ensuring reliable and efficient communication.
The potential of digital twin technology in wild-
fire management has been thoroughly reviewed
(Li et al. 2024), highlighting its ability to integrate
near-real-time environmental data to enhance fire
prediction accuracy and inform proactive manage-
ment strategies. Furthermore, Huang et al. (2024)
provided a detailed overview of the technologies
necessary for a forestwildfire digital twin, includ-
ing fire detection, simulation, and prediction, of-
fering a robust and comprehensive model for use
in wildfire management. The concept of Forestry 4.0,
which applies digital innovations to forest manage-
ment, has also been explored in the context of for-
est fire detection, presenting a dynamic mechanism
that recommends optimal detection strategies based
on real-time IoT applications (Sahal et al. 2021).
Furthermore, research into wildfire digital twin
frameworks, such as those developed for the Susa
Valley in Italy, highlights the potential for automatic
extraction of remotely sensed data to enhance wild-
fire monitoring and response efforts (Zamari 2023).

The other cross-cutting themes. Monitor-
ing changes in habitats and species distribution
and modelling the effects of forest management
practices on biodiversity can help identify conser-
vation strategies for vulnerable species. The appli-
cation of digital twin technology and remote sensing
in forest biodiversity monitoring and management
offers significant opportunities for forestry and
conservation efforts. A prototype forest biodiver-
sity dynamics digital twin has been used as a com-
prehensive platform for stakeholders to navigate
complex ecological dynamics and make informed
decisions (Afsar et al. 2024). Similarly, the Greece
LIFE EL-BIOS project is developing a digital twin
for biodiversity analysis (Karolos 2024).

The integration of Forestry 4.0 concepts and
emerging technologies (Treeva 2025) is trans-
forming timber harvesting, supply chain optimisa-
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tion, and offering significant benefits for forestry.
A prototype intelligent timber-harvesting system
has been developed to create a fully integrated
supply chain, from forest owners to timber buyers
(Hoppen et al. 2024). However, practical reference
experiments are still needed to refine its implemen-
tation. Advances in road maintenance monitor-
ing also contribute to forest operations efficiency
(Vaitainen et al. 2025); for instance, an automated
system using consumer-grade optical sensors and
a YOLOv5 model with StrongSORT tracking has
been developed to detect and map potholes on for-
est roads, enabling proactive maintenance schedul-
ing (Hoseini et al. 2023). Similarly, real-time data
streaming from yarders (capturing machine move-
ment, productivity, and fuel usage) has been shown
to improve yarder design and operational effi-
ciency, benefiting both manufacturers and forestry
companies (Matthews 2021).

The broader forest supply chain is also evolving
with the advancements of Industry 4.0, as highlight-
ed by a systematic review examining how emerging
technologies are reshaping logistics, monitoring,
and production processes (He, Turner 2021). One
such innovation is Al-powered woody debris de-
tection, which offers a cost-effective alternative
to traditional aerial surveys. By using freely avail-
able high-resolution imagery and Al-driven analy-
sis, forestry professionals can efficiently monitor
woody debris across forests, river catchments, and
coastlines, reducing manual labour and operation-
al costs (Katie 2025).

Additionally, the concept of the embodied digi-
tal twin has emerged as a transformative tool for
forest education, communication, and decision-
making. These virtual representations of real-
world forest environments allow stakeholders
to engage interactively with ecosystems, improv-
ing understanding and facilitating data-driven
forest management and conservation strategies
(Wallgrtin et al. 2021). Unlike conventional mod-
els or large datasets, digital twins integrates
artificial intelligence and domain knowledge,
continuously aligning with real-world conditions
to provide dynamic, near real-time insights into
forest dynamics (de Koning et al. 2023). These in-
teractive platforms could support policymakers,
researchers, and forestry professionals in making
informed decisions, ensuring sustainable forest
management in response to increased challenges
and economic demands.
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POTENTIAL CHALLENGES

Despite the current progress and advancements,
most forest digital twin implementations remain
at the pilot or experimental stage, with operational
deployments still relatively rare. Existing applica-
tions demonstrate considerable promise, yet they
are typically limited in spatial extent, data avail-
ability, or temporal continuity. Transitioning these
proof-of-concept systems to scalable, landscape-
level applications exposes several fundamental
technical and methodological constraints.

Data-related issues. A forest digital twin serves
as a dynamic virtual replica of forest ecosystems,
integrating multi-source data, growth/disturbance
simulations, and near-real-time feedback to sup-
port applications like sustainable management,
biodiversity monitoring, and disturbance recovery
prediction. However, it encompasses significant un-
certainties across layers: sensor uncertainty, mod-
el-parameter uncertainty, structural uncertainty,
and methodological uncertainty (Sasaki, Abe 2025;
Qiuetal. 2023). Sensor uncertainty stems from noise,
bias, and incomplete coverage in remote-sensing
and in situ measurements, such as LiDAR occlu-
sion, atmospheric effects in optical imagery, or drift
in ground sensors, which propagate into estimates
of biomass, canopy height, and fuel moisture
(Wulder et al. 2008; Zolkos et al. 2013). Model-pa-
rameter uncertainty reflects imperfect knowledge
of key ecological parameters, including allometric
coefficients, species-specific growth rates, and fu-
el-moisture relationships, all of which vary across
space, time, and forest types (Dietze et al. 2014).
Structural uncertainty arises because ecological and
fire-behaviour models simplify complex processes
such as competition, disturbance, regeneration,
and radiative transfer, leading to systematic devia-
tions between modelled and real forest dynamics
(Fisher et al. 2018). Methodological uncertainty
is introduced by the choice of data-fusion or as-
similation algorithms (e.g. Kalman filters or particle
filters), each of which makes different assumptions
about error distributions, nonlinearity, and compu-
tational approximations (Evensen 2003; Van Leeu-
wen 2009). Overall, these uncertainties shape the
reliability of the forest digital twin and highlight
the need for transparent, adaptive, and well-validat-
ed modelling frameworks.

The need for computation. Building and main-
taining a forest digital twin at large spatial scales

requires substantial computational resources be-
cause they must integrate high-resolution remote
sensing, continuous sensor streams, and complex
ecological models in near-real time (Tagarakis
et al. 2024). The challenge becomes greater when
spanning diverse forest ecosystems, where hetero-
geneous tree species compositions, disturbance
regimes, and environmental conditions demand
customised parameterisation and frequent recali-
bration. As a result, large-scale forest digital twins
often face significant burdens in data processing,
model synchronisation, and high-performance
computing infrastructure (Aydin, Oktug 2024;
Agrawal et al. 2022).

Near-real-time monitoring. Continuous data
collection and processing for forest digital twin
rely on robust sensors and computational in-
frastructure, which is often difficult to establish
or maintain in remote or expansive forest regions
(Buonocore et al. 2022). Limited power supply,
unstable network connectivity, and harsh environ-
mental conditions (e.g. heavy snow, storms) can
disrupt sensor performance and impede real-time
data transmission. These constraints hinder the
reliability and completeness of the digital twin, es-
pecially in areas where deploying technology is lo-
gistically challenging.

Coordination. Unlike industrial or urban digi-
tal twins, a forest digital twin faces significant co-
ordination challenges because governance, data
sovereignty, and incentives for data sharing are
deeply fragmented across public agencies, private
companies, and community monitoring groups.
Forest Digital Twin Component (part of the Euro-
pean Space Agency Digital Twin Earth program),
for example, is developed by a consortium of six
partners from Finland, Portugal, Czechia, Germa-
ny, and Spain during 20242026, illustrating both
the promise of integrated forest modelling and the
need for robust multi-stakeholder coordination
to ensure interoperability, trust, and equitable ben-
efit distribution (Mattus et al. 2021). Governance
is complicated by the absence of a single author-
ity capable of imposing standards, forcing projects
to choose between centralised, federated, or con-
sortium models. Data sovereignty adds another
layer of complexity: community IoT networks re-
sist extraction without consent, and private actors
fear exposing competitive or regulatory-sensitive
information, reflecting wider national concerns
about digital sovereignty and control over data
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flows (Haraguchi et al. 2024; Joel 2025). Incentive
structures are also misaligned, since data shar-
ing imposes costs and risks on contributors while
benefits are diffuse; successful initiatives therefore
rely on reciprocity, recognition, regulatory align-
ment, and technical mechanisms such as federated
architectures and blockchain-based provenance,
which are increasingly emphasised in digital twin
research for environmental and forest systems (Sa-
saki, Abe 2025; Buonocore et al. 2022).

CONCLUSION

A fully developed forest digital twin extends far
beyond improving existing management practices.
By supplanting static, interval-based planning with
a dynamic cycle of observation, simulation, and
evidence-driven adjustment, the digital twin es-
tablishes a continuously operating feedback system
that links near real-time conditions to predictive
modelling and operational decision-making. This
transition marks a substantive shift toward adap-
tive governance, in which management strategies
are iteratively tested, validated, and recalibrated
in response to evolving ecological and climatic sig-
nals. In this respect, the digital twin represents not
merely a technological enhancement but a struc-
tural transformation in the way forest systems are
conceptualised, monitored, and stewarded across
temporal scales.

Future research will need to address several un-
resolved challenges to realise this transformative
potential. Methodologically, there is a pressing
need for robust frameworks that integrate het-
erogeneous data streams, ranging from high-fre-
quency sensor observations to long-term inventory
records, while explicitly quantifying uncertainty
across spatial and temporal scales. Advancing data
assimilation techniques tailored to forest dynam-
ics, particularly those capable of reconciling asyn-
chronous or incomplete observations, remains
a critical frontier. At the modelling level, further
work is required to couple process-based, statisti-
cal, and machine-learning approaches in ways that
preserve ecological interpretability without sacri-
ficing predictive performance. Finally, the govern-
ance implications of digital twin adoption warrant
sustained examination, including questions of data
ownership, institutional capacity, and the co-pro-
duction of knowledge with practitioners and local
communities. Addressing these research directions
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will be essential for moving from promising pro-
totypes to operational digital twins that can sup-
port resilient, evidence-based forest management
in an era of rapid environmental change.
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