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Highlights

What are the main findings?

• Precision forestry has grown substantially since the early 2010s, driven by advances in
UAV and LiDAR technologies.

• Nearly half of the reviewed studies focus on forest management and planning, with
remote sensing platforms and sensors being the dominant tools.

What are the implications of the main findings?

• Although data collection and analysis in forestry have advanced significantly, the trans-
lation of these tools into fully automated, integrated, and widely adopted practices
is lagging.

• Geographic disparities and an aging, undertrained workforce continue to limit adop-
tion, underscoring the need for updated forestry curricula and stronger industry–
academia collaboration.

Abstract

This review presents a synthesis of global research on precision forestry, a field that in-
tegrates advanced technologies to enhance—rather than replace—established tools and
methods used in the operational forest management and the wood products industry. By
evaluating 210 peer-reviewed publications indexed in Web of Science (up to 2025), the study
identifies six main categories and eight components of precision forestry. The findings
indicate that “forest management and planning” is the most common category, with nearly
half of the studies focusing on this topic. “Remote sensing platforms and sensors” emerged
as the most frequently used component, with unmanned aerial vehicle (UAV) and light
detection and ranging (LiDAR) systems being the most widely adopted tools. The analysis
also reveals a notable increase in precision forestry research since the early 2010s, coinciding
with rapid developments in small UAVs and mobile sensor technologies. Despite growing
interest, robotics and real-time process control systems remain underutilized, mainly due to
challenging forest conditions and high implementation costs. The research highlights geo-
graphical disparities, with Europe, Asia, and North America hosting the majority of studies.
Italy, China, Finland, and the United States stand out as the most active countries in terms
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of research output. Notably, the review emphasizes the need to integrate precision forestry
into academic curricula and support industry adoption through dedicated information and
technology specialists. As the forestry workforce ages and technology advances rapidly,
a growing skills gap exists between industry needs and traditional forestry education.
Equipping the next generation with hands-on experience in big data analysis, geospatial
technologies, automation, and Artificial Intelligence (AI) is critical for ensuring the effective
adoption and application of precision forestry.

Keywords: robotic technologies; smart forestry; forest industry; drone; precision agriculture;
digital forestry

1. Introduction
1.1. Background and Conceptual Framework for Precision Forestry

The exponential growth of data and associated analytical tools, increasing public
interest in forest conservation problems, economic pressures, and rising demand for wood
have transformed approaches to forest management planning worldwide. This has resulted
in an increased demand for information about forests. Traditional forest management and
supply chain systems have evolved into more comprehensive and integrated approaches,
leveraging modern tools, technologies, and information and communication technologies
(ICTs) at phenomenal scales. In this era, the precision forestry concept emerged around the
millennia, primarily to enhance the productivity of actively managed forests [1–3]. These
research projects demonstrate the potential benefits for the adoption of precision forestry
techniques in forest management organization.

Precision forestry has several definitions, each reflecting an individual’s perspective
and area of expertise. Taylor et al. [4] defined precision forestry as “planning and conducting
site-specific forest management activities and operations to improve wood product quality and
utilization, reduce waste, and increase profits, and maintain the quality of the environment”.
Similarly, Kovacsova and Antalova [5] described it as “the use of modern tools and techniques
to get as much real information as it is possible to improve the decision-making process and to
ensure that current targets of forest management are met”. Regardless of the specific definition,
precision forestry typically employs advanced sensing technologies and analytical tools to
provide highly repeatable measurements, actions, and processes for growing and harvesting
trees, as well as monitoring other ecosystem goods and services [6,7]. These technologies
and tools include remote sensing platforms and sensors, global navigation satellite systems
(GNSSs) and wireless systems, mobile mapping using smartphones and tablets, geographic
information systems (GISs) and computer-assisted design (CAD) or GIS/CAD, real-time
process control scanners, visualization tools, robotics, and extensive knowledge bases.
These capabilities are expected to improve forest management results through at least one
of the following ways: (i) an improved control of operations with enhanced data collection,
(ii) increased selectivity of prescriptions to match site and needs, for instance, soil nutrients
and the genetic material of seedlings planted, (iii) automation of operations, from nurseries
to wood logistics, and (iv) optimized decision-making with advanced analytics [8].

Given its definition and associated tools, one might assume that the term “precision
forestry” is analogous to “precision agriculture”, from which it likely originated. Indeed,
several aspects of precision agriculture are directly applicable to forestry, especially during
the reforestation stage when weed control is being applied. While the concept and practice
of precision agriculture precedes that of precision forestry [7], significant differences exist
between the two concepts [9]. Perhaps the most important difference lies in the spatiotem-
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poral scales of precision forestry, where measurements can range from the millimeter scale
(e.g., analysis of soil organic matter) to the thousands of kilometers scale (e.g., global C stock
maps) and span short timeframes (e.g., stomatal aperture analysis) to extended periods (e.g.,
monitoring C sequestration rates under future climate scenarios). Another key difference
is the system-level heterogeneity and high variability inherent in forested landscapes [7].
Many forestlands are located in remote and rugged terrains that present challenges for
the adoption of new technologies [8]. Repeated measurements of the same phenomenon
in a forest environment can yield inconsistent results depending on spatial and temporal
factors. Lastly, fine-scale observations or measurements are often aggregated into coarser
scales in forestry to align with the requirements of models or decision support systems [10].
These differences, combined with the relatively slow uptake of modern technologies in
local scale forest and wood processing industries [8], underscore the need for a deeper
understanding of the precision forestry concept, its advantages and disadvantages, and its
practical implementation.

In this context, we develop a conceptual framework for precision forestry that identi-
fies key drivers, tools, and gaps. As shown in Figure 1, precision forestry operates at the
intersection of technological innovation, environmental stewardship, and socio-economic
demands. Its adoption is influenced by three interrelated factors: technological advance-
ments, environmental pressures, and workforce transitions. The proliferation of unmanned
aerial vehicles (UAVs), light detection and ranging (LiDAR), and Artificial Intelligence (AI)
has enabled high-resolution data collection and digital modeling. However, integration
into operational workflows remains fragmented. Climate change and biodiversity loss
necessitate adaptive forest management, yet precision tools are often siloed—for example,
remote sensing for inventory versus robotics for conservation. Moreover, aging labor forces
and skill gaps, particularly in data analytics, hinder the widespread adoption of precision
forestry, despite increasing demand for automation in the industry. These three factors
highlight the need to bridge the gap between research priorities (e.g., the dominance of
remote sensing) and operational challenges (e.g., real-time decision-making). The analyses
and assessments presented in the following sections elaborate on the elements illustrated
in the conceptual framework (Figure 1).

1.2. Main Categories of Precision Forestry

Several categorization systems for precision forestry exist in the literature, reflecting
the evolution of the field as technology advances and the body of research grows. The
number of categories has increased over time. For example, Taylor et al. [11] initially
defined two broad categories of precision forestry: (i) using geospatial information in forest
management and planning, and (ii) supporting site-specific silvicultural operations. Later,
Taylor et al. [4] expanded their classification by adding a third category: (iii) advanced
site-specific technology to meet market demands.

Similarly, the organizers of the first International Precision Forestry Cooperative
Symposium [12] structured the event into three distinct sessions: (i) remote sensing of
forest land and vegetation, (ii) sensing, measuring, and tagging trees, and (iii) decision
support systems. The second session garnered the most attention, with nearly half of the
oral presentations delivered in this category. Two years later, the organizers held a second
symposium [13] with a modified session structure: (i) precision operations and equipment,
(ii) remote sensing and measurement of forest lands and vegetation, (iii) terrestrial sensing,
measurement, and monitoring, and (iv) design tools and decision support systems. This
time, the fourth session drew considerable interest, with 9 out of 25 presentations focused
on decision support systems.
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Figure 1. A conceptual framework illustrating the key drivers, components, and gaps in precision forestry.

Based on our experience and a review of the latest literature, we identify the following
six categories of precision forestry:

1. Forest management and planning: Example applications include collecting site-specific
performance indicators on a timber tract (similar to an agricultural yield map) and
using this information to develop site-specific management plans [4], enhanced forest
inventories where LiDAR is used to detect tree and stand attributes, characteriz-
ing non-timber ecosystem services, forest cover mapping including automated stand
delineation, plant production modeling such as tree growth and yield, harvest schedul-
ing with or without spatial constraints, and assessing the spatial accuracy of GNSSs
under varying forest conditions. The purpose of this category is to improve plan-
ning efficiency by better describing the variability in the units, for example, in Wing
et al. [14] that uses LiDAR to support the creation of harvesting units using group
selection silvicultural prescriptions. Thus, the goal of precision forestry is reducing
the cost of data collection while improving the quality and transparency of the data
used in forest planning.

2. Silvicultural operations: Example applications include using GNSSs and variable-rate
technology to improve the efficiency of herbicide spraying or fertilizer application,
employing control systems and field computers to provide real-time guidance to
machine operators like minimizing overspray or optimizing thinning intensity, utiliz-
ing temperature-recording radio frequency identification (RFID) tags to monitor the
conditions under which tree seedlings are lifted, processed, transported, and stored
before planting, advanced genetic improvements for gene mapping and marker-based
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breed selection [8], and automated nurseries. The data can be used to improve the
quality of the silvicultural options and allowing the optimization of the operations.

3. Harvesting operations and transportation: Example applications include using informa-
tion technology to optimize transportation routes for wood products from the forest to
the most appropriate processing location, enabling wireless communication between
harvesting machines, transportation dispatching services and manufacturing facilities,
spatially optimizing skidding and forwarding processes, employing vehicle manage-
ment systems for truck scheduling, assessing road surface deformation with UAV
imaging or mobile laser scanners, planning forest road network using virtual reality
(VR) or other visualization tools, and implementing precise log-making technologies.
These technologies can also improve the characterization of logs, supporting increased
value recovery during log-making operations. Overall, such advancements can lead
to increase efficiency of the supply chain though improved tracking and reconciliation
of data used to manage the forestry logistics network.

4. Technologies to meet forest industry demand: Example applications include using sen-
sors at the time of harvest to evaluate tree or log quality, determine its best future
use, and schedule shipping directly to the most suitable manufacturing plant [15],
separating high-value products such as veneer logs or high-stiffness lumber to maxi-
mize landowner investment returns, assessing wood quality and internal properties
using computed tomography or ultrasound, employing RFID and other tagging sys-
tems for an integrated wood supply (logistics) chain, and automating sawmills with
log scanners and sawing pattern optimizers. This may have significant impact on
chain-of-custody operations required by regulations such as the EU Regulation on
Deforestation-free Products (EUDR) or by forest certification systems.

5. Forest conservation: Example applications include assessing soil compaction caused by
harvesting operations, detecting root system damage from heavy machinery, identify-
ing damage to remaining tree stems, mapping habitat quality for key wildlife species,
and monitoring ecological integrity. These applications can provide valuable insights
into overall forest health.

6. Other: This category includes precision forestry applications that do not fit into one of
the aforementioned categories. For example, Seifer et al. [16] determined optimum
value ranges for flight parameter selection in overcanopy data collection using UAVs
but did not associate their application with a specific forestry task. As a result, their
study does not fall under any of the five categories described above. Other precision
forestry applications spanned multiple categories. Kukko et al. [17] produced 3D
terrain and tree maps to optimize harvester operations and forest inventory at the
individual tree level, therefore fitting in categories 1 and 3.

1.3. Tools and Techniques Used for Precision Forestry

Similarly to main categories, it is challenging to group tools and techniques used
for precision forestry due, in part, to rapid technological advancements in a relatively
short period. Considering the state-of-the-art and an up-to-date literature review, we have
identified the following eight components of precision forestry:

1. Remote sensing platforms and sensors: These include both active and passive remote
sensing systems, such as optical cameras, LiDAR, terrestrial laser scanning (TLS),
and radar. This data is collected from spaceborne, airborne, or ground-based plat-
forms. Recently, UAVs and other mobile scanning devices (e.g., backpack LiDAR
and smartphones) have gained popularity as close-range remote sensing tools within
the forestry community [18]. In particular, with the development of simultaneous
localization and mapping (SLAM) technology, the use of mobile laser scanners has
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increased significantly in forest inventories [19]. SLAM-based scanners can collect
spatially explicit data in a local coordinate system without relying on GNSS signals,
which are often difficult to receive under forest canopies. Similarly, autonomous UAV
swarms is another cutting-edge development attracting foresters’ attention, as these
cooperative groups of UAVs can execute dangerous tasks such as the detection and
mitigation of forest fires [20].

2. GNSS and wireless systems: GNSS and wireless systems are used in a variety of appli-
cations in precision forestry from handheld GPS and UAV imaging to autonomous
outdoor navigation and locomotion systems. FieldMap (IFER, Jílové u Prahy, Czech
Republic) is one of the in-forest inventory tools comprising a GPS and several wireless
systems [5].

3. GIS and CAD software: Since management and operational decisions are often spa-
tially explicit in forestry, daily use of GIS is common not only for precision forestry
but also for many other forestry tasks. CAD packages, on the other hand, are
still in use in forest enterprises of certain countries for road design tools and/or
ownership databases.

4. Real-time process control scanners: These devices differ from typical remote sensing
tools, encompassing devices such as RFID tags, soil sensors, computed tomography
(CT), and ultrasound decay detectors. While soil sensors are used to remotely collect
data for site-specific drainage and fertilization applications [8], X-ray CT is used to
measure ring width, wood density, and other anatomic features of trees [21]. RFID
tags can be attached to individual trees to store pertinent data such as location, species,
diameter at breast height (dbh), and health [5].

5. Robotic technologies: While significant advancements have been made in robotics, ma-
chine learning and artificial perception, applications in forestry remain in their infancy
due to challenging forest conditions. These include rugged terrain, extreme weather,
the visual homogeneity of treed landscapes, and the impact of vibration–factors that
contrast with human-modified landscapes or controlled environments [7]. Accord-
ing to Oliveira et al. [22], robots are currently being used in forestry for inventory
operations (32%), environmental preservation and monitoring (27%), forest planting,
pruning, and harvesting (22%), and wildfire firefighting (19%). As their functionality
increases and labor shortages continue, their use is expected to grow.

6. Visualization tools: These tools range from e-dashboards visualizing performance
data based on a central electronic data repository to forestry simulators for safe and
cost-effective operator training. Other examples include design tools, digital twins,
and virtual/augmented reality (VR/AR) solutions [23]. More recently, virtual laser
scanning has emerged as a new approach for visualization in forestry by generating
synthetic point clouds (also known as simulated point clouds) from 3D forest scenes
using software such as Blender v4.x and HELIOS++. This approach allows researchers
to test different sensors and data collection modes under a wide range of forest
conditions, without the need for time-consuming and costly field surveys. Research
has also shown that deep learning models can be effectively trained using virtual
laser scanning data, achieving accuracies comparable to those of models trained on
real-world data [24].

7. Extensive knowledge bases: Decision support and integrated data systems are key
components of the information base used in precision forestry. While the system
functionality can vary significantly, common examples include scenario analyses that
project natural forest development under different management strategies. As such,
stand simulators and growth and yield models are cornerstones of decision support
systems [25]. eYield is a recent example of a forest decision support system [26]
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(Source: eYield Webpage, https://eyield.sref.info/ (accessed on 2 September 2025)).
It is designed to support small- and medium-sized private landowners in the south-
eastern U.S. by providing stand-level simulations of harvest activities and financial
outcomes. The reports generated by eYield offer both biophysical and financial in-
sights into the outcomes of each forest management scenario. For example, bark beetle
risk can be assessed for natural pine forests, while annual cash flow and net present
value can be documented for each period of the planning horizon [26].

8. Other: Studies that utilized more than one component.

1.4. Motivation

As financial and environmental pressures on forest management activities increase,
there is a growing expectation that improved data will yield additional insights to meet
society’s demands for the multiple goods and services provided by forests. However,
deploying new technology in the forestry and wood products industry is often challeng-
ing [8,27,28]. It can introduce additional complexity to already intricate job processes.
Tasks that once relied on basic field skills–fundamental to most forestry curricula–now
require advanced technical expertise in areas, such as digital image processing and data
management. These skill barriers may hinder the adoption of newer technology or prevent
users from fully benefiting from innovations such as precision forestry tools.

Beyond technological development, these tools must also be implemented by the
logging workforce, which has historically shown a low rate of technology adoption [27,28].
For example, a survey of the U.S. forest industry found that only a small fraction of firms
integrates robots into their production systems. Survey responses indicated that expertise
in robotic technologies remains very low, potentially limiting the adoption of robotics in
production. In addition, the survey revealed that 77% of primary wood products manufac-
turers were unfamiliar with the terms “Industry 4.0” or “Smart Manufacturing” [27].

A similar lack of awareness applies to “precision forestry”, particularly when com-
pared to “precision agriculture”. Our analysis of Google Trends indicates that “precision
forestry” is rarely used as a search term, whereas “precision agriculture” has shown an
increasing trend since 2010 (Figure 2). Figure 2 further illustrates the considerable difference
in the usage frequencies of these terms.

To address the challenge of awareness, precision forestry technologies and their on-the-
ground applications should be integrated into undergraduate forestry and wood science
curricula. However, introducing new technologies is not an easy task for curriculum
developers. For instance, GIS technology became widely available in the 1990s, but it was
nearly 20 years before GIS skills were incorporated into forestry curricula. This required
the development of software operational on low cost computers that could be supported
by educational institutions [29,30].

On the other hand, there is a pressing need within the forestry community for a
comprehensive understanding of precision forestry with its all aspects. This paper aims
to provide an up-to-date introduction to the concept of precision forestry and to develop
a conceptual framework that outlines its drivers, key categories, and components, while
also identifying gaps in this field. This may offer researchers and developers the possibility
to review opportunities for developing precision forestry tools and techniques in both the
forestry and forest industry sectors.

https://eyield.sref.info/
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Figure 2. Google Trends comparison of search interest in “precision forestry” (blue) and “precision
agriculture” (red). Percentages by country represent the share of searches for each term relative
to the total searches for both terms within that country. The pink color on the map indicates the
relative popularity of the term “precision forestry” in the top-ranking countries, red represents
top-ranking countries with higher interest in “precision agriculture”, and gray indicates countries
where both terms are relatively unpopular. Data were retrieved in January 2025 (Source: Google
Trends, https://trends.google.com/trends/ (accessed on 13 September 2025)).

Although previous reviews exist in the literature, many are either outdated [5,31] or
limited in scope. For example, Ferreira et al. [7] reviewed the state of the art in artificial
perception and sensing for robots in precision forestry, identifying key challenges such
as the lack of training data, real-time operation constraints, and computational resources
limitations. While valuable, this work focused solely on robotic technologies—just one
of the eight components of precision forestry. Similarly, Hoffmann et al. [32] analyzed
European studies that employed trafficability maps to minimize soil disturbances during
harvesting operations. Their review found that the topographic wetness index (TWI)
and depth-to-water algorithm (DTW) were the most commonly used indicators for this
purpose, with Sweden leading in this domain. However, this study only addressed the
harvesting operations and transportation category of precision forestry, leaving other aspects
unexamined. We believe that our work will offer a more recent and inclusive review by
covering several key aspects of precision forestry.

https://trends.google.com/trends/
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2. Methods
A literature search was conducted using Web of Science, recognized as one of the most

selective and scientifically rigorous databases for bibliometric analyses [33]. We based our
search solely on Web of Science because its initial results appeared more reliable than those
from other search engines, such as Scopus and Google Scholar. For example, all of the
publications retrieved in the initial search were contextually relevant to precision forestry,
which was not the case with the other search engines.

Initially, we searched for the term “precision forestry” in the title field, which includes
journal articles, proceedings papers, books, or book chapters. This search yielded only
24 publications, with no temporal restrictions applied (as of January, 2025). Given the lim-
ited results, we expanded the search to include the topic field, which scans titles, abstracts,
keywords, and author keywords. This broader search returned 224 publications, including
12 review articles. Once again, no temporal restrictions were applied to ensure coverage
of all relevant publications up to 2025. To maintain quality and relevance, 14 publications
were excluded as we focused solely on peer-reviewed articles written in English with
full-text availability (Figure 3). Consequently, 210 publications were selected for evaluation
using a structured review template (see Supplementary Materials). Since we believe that
this dataset is sufficient to characterize the research being conducted in the field, no addi-
tional search terms were employed. While we acknowledge that some relevant papers may
not have been captured by our search criteria, we are confident that the overall trends in
precision forestry research can be reliably described based on this extensive sample.

Figure 3. PRISMA 2020 flow diagram for the systematic review, illustrating the identification,
screening, and inclusion of records from the database search. The literature search was conducted
in January 2025, and the diagram was generated in September 2025 (Source: https://www.prisma-
statement.org/prisma-2020-flow-diagram (accessed on 1 September 2025)).

https://www.prisma-statement.org/prisma-2020-flow-diagram
https://www.prisma-statement.org/prisma-2020-flow-diagram
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The review template included key queries such as publication year, type of publication
(i.e., original research, review, conference proceedings), study area (country of the first
author and research location), study area size (in hectares), primary category of precision
forestry (six categories, as described in Section 1.2), specific precision forestry components
used (eight components, as described in Section 1.3), number of citations, and reviewer
comments (if applicable). To minimize bias between newly published and older studies,
the number of citations was averaged yearly rather than using raw citation counts. Google
Scholar was used to retrieve citation counts, as it is less selective than Web of Science,
allowing for a better reflection of the potential popularity of the studies.

Frequency tables and pie charts were used to analyze key queries from the review
template, and temporal trends were examined to assess the evolution of precision forestry
research over time. Additionally, the spatial distribution of the reviewed studies was
visualized on a world map at the country level using symbology tools in ArcGIS Pro
3.0 [34]. The Jenks natural breaks classification method was applied to group the data into
six classes based on the number of studies conducted in each country.

3. Results
3.1. Descriptive Analysis

This study used a final list of 210 publications that focused on various aspects of
precision forestry up to 2025. The first study was published in 2001, and only a few
studies were published annually until 2011 (Figure 4). After 2011, the annual number of
publications generally increased. A notable rise occurred in 2019, and the increased trend
has continued since then. The peak in our sample was recorded in 2024, with 30 studies
published that year (Figure 4). We expect that the increase in precision forestry research
will continue to grow as sensor and robotic technologies advance.

 
Figure 4. Annual number of studies published between 2000 and 2025. No studies were found prior
to 2001. Although the literature search was conducted in January 2025, a few publications from 2024
may not yet have been indexed in Web of Science (Source: Supplementary Materials).

Out of 210 studies, 125 provided information on the size of their study areas. The
sizes ranged from a skid trail as small as 0.04 ha in Slovenia [35] to a multinational region
covering 53.9 million ha in Northeast Asia [36]. However, most studies were conducted



Remote Sens. 2025, 17, 3465 11 of 25

in relatively limited areas, with a median size of 26.1 ha. This figure is considered small
compared to typical study areas in the broader field of forestry.

Italy was the most frequently affiliated country for first authors (Figure 5). China,
Finland, and the United States followed Italy, contributing 28 and 19 studies, respectively.
These four countries were also ranked highest when considering the locations of the study
areas. Approximately 12.4% of all studies were conducted in Italy, while China and Finland
accounted for 9.5% and 8.1%. Interestingly, Finland and the United States had the same
number of studies for both author affiliation and study area location. Figure 5 also highlights
that several studies were conducted outside the country of the first author’s affiliation. For
example, seven studies were carried out in New Zealand, although none of the first authors
were affiliated with institutions based there. In contrast, nine first authors in the sample were
affiliated with Norwegian institutions but only six studies were conducted in Norway. Turkey
was the only country in Figure 5 where the number of studies matched both in terms of study
area location and the first author’s country of affiliation.

 
Figure 5. Total number of studies by study area location and first author’s country of affiliation, as of
January 2025 (Source: Supplementary Materials).

The country-wise distribution of the reviewed studies by research location was also
visualized on a world map (Figure 6). A total of 31 studies did not specify a research
location due to various reasons (e.g., global reviews, editorials, and conceptual papers).
Excluding these, nearly half of the reviewed studies were conducted in Europe, followed by
Asia (23.9%), North America (14.1%), South America (8.2%), and Oceania (4.9%). Only one
study was conducted in Africa, specifically South Africa. The map highlights that precision
forestry studies are unevenly distributed across the five continents, with Europe, Asia, and
North America hosting the highest number of studies, respectively.
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Figure 6. Geographic distribution of precision forestry research based on study area locations, as of
January 2025 (Source: Supplementary Materials, shapefile source: Esri).

3.2. Thematic Analysis

All studies were grouped into six main categories, as previously identified in Section 1.2.
The bar graph in Figure 7 shows that the “forest management and planning” category had
the highest number of studies in precision forestry research, with nearly half of the publica-
tion focusing on this area. It was followed by “harvesting operations and transportation”
(19.5%), “other” (12.9%), “silvicultural operations” (8.6%), “forest conservation” (6.6%),
and “technologies to meet forest industry demand” (2.9%). The relatively high share for
the first category can be attributed to the broad scope of forest management and planning,
which spans topics such as terrestrial-based ecosystem inventories, satellite-based forest
cover mapping, and computerized optimization systems.

 

Figure 7. Total number of studies by main categories of precision forestry research, as of January 2025
(Source: Supplementary Materials).
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The number of studies grouped under the “other” category was notable in our thematic
analysis (Figure 7). Upon closer examination, it was observed that most of these studies
addressed more than one category simultaneously. For example, in a review paper on UAV-
based forest remote sensing, Dainelli et al. [37] touched all categories except “technologies
to meet forest industry demand”. Such studies highlight the interdisciplinary nature
and multifaceted goals of precision forestry research. Additionally, a few studies did
not fit well into any of the five defined categories. For instance, Win et al. [38], modeled
and mapped surface soil moisture using multi-source remote sensing data and machine
learning techniques in Japanese forests. While this research provides valuable insights into
ecological processes and the hydrologic regime of forest ecosystems, it is difficult to assign
it to any of the identified precision forestry categories. With the continued advancement of
digital technologies, it is likely that the number of studies falling into the “other” category
will increase.

We also analyzed our sample based on the components utilized in the reviewed
studies. Among the eight components identified in Section 1.3, “remote sensing platforms
and sensors” emerged as the most commonly used tool in precision forestry research,
with slightly more than half of the studies incorporating it (Table 1). This was followed
by “other” (18.6%), “GNSS and wireless systems” (10.0%), “extensive knowledge bases”
(7.1%), “GIS and CAD software” (5.7%), “real-time process control scanners” (3.3%), and
“robotic technologies” (1.4%). “Visualization tools” were used in only two studies (<1.0%),
both of which focused on landscape management models. The relatively high share of the
“other” category suggests that a considerable number of studies employed a combination
of multiple components.

Table 1. Distribution of studies across the technological components and main categories of precision
forestry (Source: Supplementary Materials).

Tools and Techniques Used N Main Categories N

Remote sensing platforms and sensors 111 Forest management and planning 104
GNSS and wireless systems 21 Silvicultural operations 18
GIS and CAD software 12 Harvesting operations & transportation 41
Real-time process control scanners 7 Tech. to meet forest industry demand 6
Robotic technologies 3 Forest conservation 14
Visualization tools 2 Other ** 27
Extensive knowledge bases 15
Other * 39

Total 210 Total 210
* This component refers to studies that utilized more than one component. ** This category includes studies that
do not fit into the other categories.

Analyzing the components of precision forestry by main categories may enhance our
understanding of which tools and techniques are prevalent in specific fields. Figure 8
shows the percent shares of each component across the six categories. The categories
“forest management and planning”, “forest conservation”, and “technologies to meet
forest industry demand” differed from the others, as they primarily relied on remote
sensing tools and techniques in their research efforts. In contrast, studies grouped under
“harvesting operations and transportation” more frequently utilized GNSSs and wireless
systems than other components (Figure 8). This finding is likely due to the need for
wireless location services onboard harvesters and trucks, particularly for tracking and
potentially for autonomous outdoor operations. Meanwhile, studies in the “silvicultural
operations” category often employed extensive knowledge bases alongside remote sens-
ing. The widespread use of knowledge bases to support silviculture-related precision
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forestry research can be attributed to the critical role of growth and yield models, as well
as decision support systems, in projecting tree and stand development under various
silvicultural regimes.

Figure 8. Pie charts illustrating the distribution of precision forestry components by main categories,
as of January 2025. 1: remote sensing platforms and sensors; 2: GNSSs and wireless systems; 3: GIS
and CAD software, 4: real-time process control scanners; 5: robotic technologies; 6: visualization
tools; 7: extensive knowledge bases; 8: other (studies that utilized more than one component). Source:
Supplementary Materials.

It is worth noting that certain components of precision forestry were underutilized or
absent in specific categories. For example, none of the 104 studies grouped under “forest
management and planning” used real-time process control scanners (Figure 8). Similarly,
GIS/CAD software and visualization tools were not employed in any studies related to
“silvicultural operations”. Although robotics did not appear to be used exclusively in
“harvesting operations and transportation”, it was applied in combination with other
components several times within this category.

Most precision forestry research attracted the attention of the scientific community,
as 193 out of 210 studies in the sample had at least one citation. Citation counts per year
ranged from 0 and 41.4, with a median value of 3.0. As expected, the most academically
impactful studies tended to address more than one category of precision forestry. Studies
focusing solely on “forest management and planning” also garnered considerable attention
compared to other categories. In contrast, “silvicultural operations”, “technologies to meet
forest industry demand”, and to a lesser extent, “harvesting operations and transportation”
were among the less popular categories. Regarding precision forestry components, studies
that utilized remote sensing tools and techniques received significant attention from the
scientific community. The most cited papers in our sample were almost always related to
certain aspects of remote sensing. We did not observe any consistent patterns indicating
the unpopularity of particular components.

4. Discussion
Technology is often found on multiple levels. First there is research, which explores

its capability and potential benefits. Often following research is the curriculum, where
technology is introduced, and postgraduate education, where a broad range of profes-
sionals are trained in the use and application of the technology. This study highlights
research developments across the broad spectrum of projects that demonstrate the bene-
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fits of precise technologies. Furthermore, these projects demonstrate the wide variety of
technologies used in forestry that facilitate the automatic capture of data from multiple
sensory platforms.

The technology described in these studies involves data capture using remote sensing,
including optical [39,40], LiDAR [41–43], radar [44,45], and various other parts [46] of the
electromagnetic spectrum. The literature review describes how the sensors collect new data
at scales to support the broad fields of forestry and the wood products industry. The sensors
can be mounted on satellites [44,47], traditional aircraft [42,43], and now on UAVs [39,48]
and smartphones [40,49], which increases the accessibility of the data to a broader audience,
as the cost of certain satellites and traditional aircraft is high and may not support timely
data needs.

Data collection is one of the early stages of precision forestry. The next step is data
transfer and data management systems. The creation of advanced wireless technologies
allows the data to move from collection to data analysis platforms [50,51]. These data
analysis platforms are primarily CAD or GIS platforms that allow for data manipulation
and display [52,53]. These are occasionally linked to data visualization tools to display the
data in formats other than traditional maps [54,55]. Visualization is often a powerful tool
that allows human interaction with the data to support improved decision-making [23].

As in all fields, robotics is beginning to appear in precision forestry, gradually replacing
human labor in certain tasks [7,56,57]. There is great appeal in much of forestry in replacing
dangerous jobs, such as fire suppression, or mundane jobs, such as tree planting, with
machines. The adoption of robotics may have huge impacts as the forestry workforce is
aging and not being replaced.

The research reviewed in our study demonstrates the broad range of precision forestry
technologies that are beginning the process of widespread adoption by the industry. One
question that remains unanswered is whether the technological skills often required for
this adoption are present in many forestry curricula. The forestry community may need
dedicated information and technology specialists to support the adoption of these tools,
especially considering its historically low rate of technology adoption [27,28]. Forestry pro-
grams would benefit from recruiting technology specialists to be part of their departments,
and/or encouraging students to seek courses and training in technological skills that might
be available in related departments, such as geography and engineering.

4.1. The Current Scientific Landscape

An analysis of 210 publications shows how research and applications on precision
forestry have grown significantly over a relatively short period of two and a half decades.
The increasing trend in the number of publications, particularly after the 2010s, can be
attributed to the rapid growth of general UAV research and sensor technologies during that
time [37,58,59], as 111 of the reviewed publications utilized the “remote sensing platforms
and sensors” component of precision forestry. Indeed, UAV and close-range LiDAR sensors
were the most widely used tools in our sample for various tasks, including individual
tree detection and mapping [39,60–67], forest structure characterization [41,48,68–73], site
assessment before planting [74], stem profile modeling [75], tree species classification [76],
aboveground biomass estimation [77], and forest health monitoring [78,79]. As seen from
this collection of studies, most are recent, and when their content is analyzed, the trending
topics appear to be individual tree detection, crown delineation, canopy height modeling,
and stem volume estimation—topics that fall primarily under the category of forest man-
agement and planning. Earlier publications in this category did not address such topics,
mainly due to the coarse resolution of remotely sensed data. For example, Kellndorfer
et al. [44] struggled to retrieve plot-level inventory parameters from JPL AirSAR images
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collected in 1998, even though their study focused on homogeneous pine plantations lo-
cated on relatively flat terrain. The nominal azimuth resolution of their dataset was 21.6 m,
which limited individual-tree-level analysis. Similar data quality constraints also applied
to LiDAR point clouds during that period. LiDAR-based forest inventories conducted
in the early 2000s typically had data densities of less than 1 point/m2, whereas current
point cloud densities often exceed 40 points/m2 [80]. Thus, it is reasonable to state that
the emergence and development of precision forestry are closely tied to improvements in
remotely sensed data, with the different stages of technological development shaping the
trending topics in precision forestry publications over time.

On a different note, UAVs equipped with true-color, multispectral, hyperspectral
or LiDAR sensors are also among the most widely used tools in precision agriculture
research, with 150 out of 259 precision agriculture-related publications employing these
technologies [81]. Hernandez et al. [82] and Matiza et al. [59] associated the popularity
of these tools with their clear advantages over other precision technologies, such as high
spatial accuracy and the ability to retrieve information on multiple elements (e.g., vertical
biophysical structure, land extent, spectral features) at different scales. With the ability
to provide high-precision forest structural information, UAV-based LiDAR systems can
facilitate bridging spatial gaps between localized or limited field data and spatially incon-
tiguous, large-area spaceborne LiDAR samples. Such an approach enables large-area forest
assessments with limited challenges related to cost and coverage due to free and open data
policies of current systems (e.g., ICESat-2 and GEDI), and near-global coverage [83]. We
anticipate that the adoption of UAV platforms will continue to grow as the cost of data
collection decreases.

As in many other fields, robotics is starting to make its way into precision forestry,
assisting with or even taking over certain tasks traditionally performed by humans. For
example, Chirici et al. [56] introduced a legged robot, named SPOT (Boston Dynamics,
Waltham, MA, USA), to support forest inventories. Equipped with optical cameras and a
LiDAR sensor, SPOT can navigate through forest stands and autonomously avoid obstacles.
It was tasked with stem mapping, individual tree detection, and diameter measurement.
While SPOT was able to detect and measure the diameters of large trees (>20 cm) with
acceptable accuracy, it struggled to identify smaller trees due to the presence of noise in
the LiDAR point cloud. In addition, measuring tree height was nearly impossible, as the
point cloud had a vertical limit of only 3 m above ground level. In a review focused on
robotics in precision forestry, Ferreira et al. [7] noted that forest operations are among the
most challenging areas of research in robotics due to the inherent difficulties of forest envi-
ronments. Robots must contend with rugged terrain, stones, fallen deadwood, and dense
undergrowth. Moreover, the visual homogeneity of forest landscapes—where trees often
appear similar—limits robots’ navigation capabilities. External factors such as vibration,
dust, wind, and rain also present technical challenges. This is why ground-based robotic
applications in forest environments lag behind other sectors like automotive, agriculture,
and construction. However, robotics and artificial perception technologies are rapidly
advancing, and there is significant interest in the forestry sector that aims to automate
hazardous and/or time-consuming tasks including tree planting, timber harvesting, stand
delineation, and prescribed burning.

The geographical distribution of precision forestry research suggests that Italy, China,
and Finland are the countries with the highest number of published studies (Figure 5).
Several factors may explain this pattern. Finland has a long-standing tradition in forestry
research, supported by strong academic institutions and a national dependence on the
forest sector, which fosters the development of advanced technologies for sustainable
management. China, with its vast and diverse forest resources, has prioritized precision
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forestry to support large-scale reforestation, ecological restoration, and sustainable timber
production, reinforced by significant government investment in smart forestry initiatives.
Italy’s prominence is linked to its active participation in EU-funded research programs,
strong academic expertise in geospatial and environmental sciences, and the need to
address Mediterranean-specific challenges such as monitoring wildfire risk and forest
fragmentation. Collectively, these factors help explain why these countries have become
central contributors to the advancement of precision forestry research.

At the same time, the findings on the geographical distribution of precision forestry
research may appear somewhat surprising, as they contrast with the country-specific
results from Google Trends (Figure 2). This discrepancy likely stems from the different
methodologies used by Web of Science and Google Trends. While Web of Science indexes
published scientific papers, Google Trends measures the popularity of online search queries.
Thus, certain countries may demonstrate strong interest in precision forestry technologies
without a corresponding depth of published research, possibly due to pressing industrial
needs. A fuller understanding of why precision forestry research is concentrated in specific
countries would require further investigation into research funding mechanisms, technol-
ogy accessibility, and national forest management traditions. For instance, the Natural
Sciences and Engineering Research Council of Canada (NSERC) provides researchers with
greater flexibility in choosing topics than the National Science Foundation (NSF) in the
U.S. Similarly, while Horizon Europe’s expected contribution per forestry-related research
project is approximately €6 million in 2025, the Scientific and Technological Research Coun-
cil of Türkiye (TUBITAK) currently provides approximately €50,000 for a typical project
under its Scientific and Technological Research Projects Funding (1001) program.

4.2. Selected Use Cases

UAVs and LiDAR systems emerged as the most commonly employed technologies
in our review template (see Supplementary Materials). Accordingly, the following para-
graphs present two use cases from selected publications, focusing on LiDAR-based forest
inventories [84] and automated harvest planning [85]. These cases demonstrate how
emerging LiDAR technologies, when combined with innovative algorithmic and GIS-based
approaches, can substantially improve key aspects of forest management, ranging from
individual tree-level inventory assessments to stand-scale operational planning.

Terrestrial-based laser scanning is widely recognized as the most accurate data collec-
tion method for LiDAR-based forest inventories—sometimes referred to as enhanced forest
inventories (EFI) [72]. However, its performance may be hindered by several factors during
under-canopy scanning. In particular, tree tops are often underrepresented in dense forest
point clouds due to occlusion or the limited scanning range (e.g., 20 m in certain handheld
mobile laser scanners), resulting in inaccurate total tree height estimates. Airborne laser
scanning (ALS), on the other hand, can overcome this issue by capturing the first laser
returns from the top of the canopy. However, this capability comes at the expense of
reduced accuracy in characterizing near-ground attributes, such as tree dbh. To address
these limitations, the first use case by Lee et al. [84] investigated a hybrid LiDAR strategy
aimed at enhancing forest inventory assessments by combining terrestrial-based mobile
scanning with ALS systems. Their goal was to improve the estimation of dbh and tree
height in high-density forest stands.

The study was conducted in a Pinus koraiensis plantation in South Korea. A Matrice
M300 UAV (DJI, Shenzhen, China) equipped with a GeoSLAM Horizon LiDAR sensor
(GeoSLAM Ltd., Ruddington, UK) was used to collect ALS data, and the same sensor
was used in backpack mode for mobile laser scanning (Figure 9). The two point cloud
datasets were merged using the Iterative Closest Point algorithm by aligning them along a
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forest road feature. A key methodological innovation involved testing three circular fitting
algorithms (i.e., circle fitting, minimum enclosing circle, and ellipse fitting) to achieve
optimal dbh estimates based on segmented individual tree point clouds at breast height.
Tree heights were derived from a canopy height model (CHM).

Figure 9. (a) The mobile laser scanning system used for forest reconstruction in the first use case [84]
(Photo: Can Vatandaslar), and (b) the final map showing the optimal logging path for harvest
planning in the second use case (modified from Görgens et al. [85]).

The findings indicated that the ellipse fitting algorithm yielded the most accurate dbh
estimates (RMSE: 0.69 cm, R2: 0.99). Tree height estimation was less precise (RMSE: 2.0 m,
R2: 0.60), primarily due to the presence of suppressed trees affected by overlapping crowns
of dominant neighbors—a common issue in structurally complex forests also reported by
Vatandaslar et al. [43].

The hybrid LiDAR strategy proved effective in addressing ALS’s limitations in under-
canopy environments and significantly improved dbh estimation accuracy. However,
UAV-based ALS data collecting using the GeoSLAM Horizon sensor showed limited
effectiveness in capturing precise tree height information. Mounting more tailored LiDAR
sensors on UAVs (e.g., Zenmuse L2 (DJI, Shenzhen, China) or Qube 240 (Quantum-Systems
GmbH, Gilching/Munich, Germany)) or utilizing traditional ALS data acquired through
airborne missions may yield more accurate canopy height information, given the relatively
limited performance of mobile systems like the GeoSLAM Horizon when deployed on
UAV platforms. Another reason for the imprecise height estimation may stem from the
quality of the reference data, as tree height measurements in this study were conducted
using a hypsometer. Direct measurements from felled trees are generally more reliable
than indirect measurements taken from standing trees; however, this approach is often
considered destructive and may not be a feasible option in many cases.

In the second use case, Görgens et al. [85] proposed a spatially explicit multi-criteria
optimization approach to develop automated harvesting plans by integrating ALS data
with GIS methods. The main objective was to explore how automated tools could sup-
port low-impact and cost-effective timber harvesting operations while ensuring compli-
ance with forest management regulations in Brazil. Three planning scenarios were simu-
lated to reflect varying management intensities, regulatory criteria, and economic goals:
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(i) business-as-usual scenario (slope surface cost + law restriction), (ii) forest conservation
scenario (law restriction + canopy height + relative density model-related costs), (iii) soil
conservation scenario (law restriction + topographic wetness index-related costs), and
(iv) all scenarios combined (all cost surfaces). The automated system evaluated each sce-
nario in terms of aboveground biomass, number of extracted trees, economic return, and the
spatial configuration of skid trails. A CHM was used both to estimate harvestable biomass
(as a proxy) and to detect individual trees, while topographic models informed skidding
and transportation feasibility. For example, two operational raster surfaces representing
technical machine limitations were generated based on slope thresholds derived from the
digital terrain model. According to national regulations, slope limits for skidder and loaded
truck operations were set at 20◦ and 9◦, respectively.

In another step, the individual surfaces were combined to generate a total cost surface.
This cost did not represent a monetary value but rather the relative resistance of each cell
to movement. For example, the cost surface based on the slope model associated the high
cost to the greater slopes. The optimization process then identified least-cost paths from
the start cell (logging yard) to each endpoint (tree location) by calculating the accumulated
resistance across the surface. This was achieved using a node-link raster representation,
in which nodes corresponded to cell centers and links connected adjacent cells. The cost
distance was defined as the resistance encountered along these links. Ultimately, GIS tools
were used to compute the least accumulative cost paths between the logging yard and the
target trees. The final maps were road networks with the least cost path for each scenario.

This study showed that adding more criteria to the optimization model resulted in
increased logging paths (and cost) and the cost surface maps varied significantly among the
planning scenarios. ALS-derived metrics improved the accuracy of aboveground biomass
estimates and enabled the generation of detailed, spatially explicit logging plans. Moreover,
the automated approach reduced planning time and ensured consistent adherence to
national regulatory criteria. As such, this use case highlights the potential of combining
ALS data, geospatial technologies, and algorithm-driven decision support tools to create
transparent, repeatable, and economically or ecologically optimized harvesting plans—
marking a step forward in the automation of precision forestry operations.

4.3. Limitations of the Review

Despite significant findings regarding global research on precision forestry, this study
also has several limitations in its methods and the assessment of publications. Only
one search term (i.e., “precision forestry”) was used in the literature search, potentially
resulting in the exclusion of certain relevant publications, as the search using the topic
field, titles, abstracts, and keywords may not be complete, especially if we consider that the
field of precision forestry affects a number of other related applications and this concept
may not always be completely identifiable in scientific databases. A range of works also
exists in the so-called “white” or “grey” literature, including materials produced within
academia, government or non-government organizations, departmental research centers,
and companies. These may take the form of student theses, workshops proceedings,
or technical reports. Even some authors of the present study had previously published
research papers that can be considered within the scope of our review. Either the term
“precision forestry” was absent from the paper [54,86] or it was present only in the main
text, not in the title, abstract, and/or keywords [43]. On the other hand, there is indeed
considerable overlap in the literature among forest remote sensing, smart forestry, digital
forestry and precision forestry. We regard precision forestry, smart forestry, and digital forestry
as distinct concepts, despite areas of intersection. The key differences lie in their focal
objectives and technological foundations. For example, smart forestry emphasizes adaptive



Remote Sens. 2025, 17, 3465 20 of 25

management and intelligent decision support, with frequent application of the Internet
of Things (IoT), blockchain, and big data platforms. Digital forestry, by contrast, is more
closely associated with digital twins and virtual models that mirror real-world forest
dynamics, typically employing cloud platforms, digital twins, and integrated databases.
In practice, however, it can be difficult—and often subjective—to determine the extent
to which a given study also falls within the scope of precision forestry. Moreover, not
all studies in forest remote sensing, smart forestry, or digital forestry should be classified
under precision forestry research merely because they employ similar tools or sensors with
high precision. For these reasons, we deliberately restricted our literature search to the
term “precision forestry”.

The use of one search engine during the literature search may be considered another
limitation of the present study. Although Web of Science is a major academic research
platform, many other search engines are available to users, such as Scopus, Google Scholar,
and ScienceDirect. Including these databases might have yielded slightly different results
due to their varying temporal coverages and inclusion criteria. We based our literature
search solely on Web of Science, as it provides a large, multidisciplinary database and is
considered more selective and quality-controlled than general search engines [33]. In our
case, all of the retrieved publications (n = 224) during the initial search were contextually
relevant. The reason for filtering out 14 publications (resulting in 210 items in Supple-
mentary Materials) was related to the non-English language of the manuscript and lack
of access to full texts. While we believe that more than two hundred publications from a
recognized scientific database provide a solid foundation for analyses and the formulation
of some conclusions, it is important to note that our results are valid only for the input data
sample (n = 224).

Finally, we calculated the number of citations for each reviewed publication and
averaged them yearly based on the years since online publication. This information was
then used as an indicator of the popularity of the given main categories and components of
precision forestry. While using citation counts per year seems more objective than using
raw citation counts, it may still be biased toward favoring earlier publications. For example,
some reviewed studies, such as Roiha et al. [87] and Romano et al. [48], had yet to be cited
as of the end of 2024, even though they were published in prestigious scientific journals in
the field of forestry. It is expected that recently published studies will receive considerable
attention from the scientific community over the coming years.

4.4. Identified Gaps, Future Directions, and New Research Questions

The main objectives of this study were to (i) compile a publication database that can
serve as a resource for future scientific research, (ii) examine temporal and geographical
trends in precision forestry applications, and (iii) identify gaps within precision forestry
research where further investigation or development is needed. The literature review
supported the achievement of these objectives and contributed to a better understanding of
the breadth and trends in global precision forestry research.

Based on the analyses and assessments conducted, precision forestry research has
mostly addressed operational forest management needs so far, with an emphasis on forest
ecosystem inventory. The predominance of remote sensing (52% of studies) reflects its cost-
effectiveness and scalability, but also reveals a reliance on passive data collection rather than
actionable interventions (e.g., robotics, real-time control). For instance, while UAVs excel at
canopy mapping [37], only 1.4% of studies addressed robotic applications—a critical gap
given labor shortages in hazardous tasks like firefighting [7]. Similarly, GNSS adoption in
harvester systems (19.5% of studies) aligns with industry needs for route optimization, yet
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its limited use in silviculture (8.6%) suggests untapped potential for precision planting and
successful seedling recruitment.

This study also indicates that precision forestry is mature in data collection and
mapping (e.g., small UAVs, personal laser scanners, open-source GIS tools) but stagnates
in three key areas: integration, equity, and automation (see the conceptual framework in
Figure 1). Few studies (3.3%) combine real-time sensors (e.g., RFID) with decision support
systems, despite their potential to close the loop between data collection and actionable
decision-making [22]. Geographic disparities (i.e., 48% of studies were conducted in
Europe) also risk exacerbating global inequalities in forest resilience [32].

UAVs and LiDAR systems appear to be the backbone of current research, compared to
other components of precision forestry. While integration of robotic systems has gained
some attention in recent years, significant challenges remain—mainly due to terrain com-
plexity [7]—highlighting a need for expanded research in this component. The use of
coordinated robotic systems (e.g., swarm robotics) could revolutionize forestry operations,
particularly if the “one-robot-does-all-tasks” approach is reconsidered. Future studies
should also explore underexamined topics such as automated under-canopy UAV flights,
potentially using in-house developed platforms and more detailed CHM from a ground-
level perspective. In parallel, researchers could apply established methodologies to less-
studied environments, such as structurally complex, multi-species tropical forests or high
conservation value forests globally. To date, most precision forestry research has been
conducted in plantations and intensively managed forest systems—likely not only due to
the economic benefits of improved wood product quality but also due to relative ease of
implementation in human-modified landscapes.

Based on the gaps identified above, the following research questions are proposed to
guide future investigations:

1. In what ways can coordinated robotic systems, such as swarm robotics, be employed
to optimize forestry operations, and what technical and analytical requirements are
necessary for their effective adoption across different forest types (e.g., plantations,
tropical forests)?

2. What are the technical and operational requirements for extending UAV capabilities
from canopy mapping to LiDAR-based forest inventory applications in operational
forest management? In particular, how can autonomous below-canopy flight planning
be achieved?

3. How can real-time sensors, such as RFID, be integrated with decision support systems
to generate actionable information and enable fully automated forestry operations?

4. How can GNSS technology be leveraged to optimize precision silviculture, including
improved seedling recruitment, and automated planting and harvesting? In particular,
how do inherent GNSS positional errors affect on-the-ground applications in different
forest environments?

Beyond technological development, workforce dynamics present an additional chal-
lenge. The global forestry workforce is aging and is not being replaced at a sustainable
rate. Addressing this issue requires both interoperable systems (e.g., UAV-to-harvester
data pipelines) and workforce training tailored to new digital and robotic tools. To support
the adoption of new technologies, the forestry community may benefit from integrating
information and technology specialists into forest operations. A more forward-looking
approach involves embedding precision forestry tools and their practical applications into
undergraduate forestry and wood science curricula. This integration would equip future
professionals with the necessary skill sets to fully leverage precision forestry technologies.
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5. Conclusions
Precision forestry has emerged as a growing field driven through advances in remote

sensing, geospatial technologies, and automation. Our review of 210 studies shows that
research has centered on forest management and planning, with UAV- and LiDAR-based
remote sensing dominating applications, while robotics, visualization tools, and real-time
control systems remain underutilized. Geographic and educational gaps continue to limit
adoption, underscoring the need for broader regional coverage, stronger industry–academia
collaboration, and updated curricula that equip future foresters with digital and analytical
skills. Addressing these challenges will be key to realizing the full potential of precision
forestry for sustainable and adaptive forest management.
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